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Urbanization is rapidly reshaping wildlife behavior, increasing interactions between 

humans and wildlife, and complicating management and disease mitigation efforts. This analysis 

examines how urban environments influence wildlife movement, disease dynamics, and 

responses to human recreation, with a focus on white-tailed deer and other common urban 

mammals. In my first chapter, I investigated the movement patterns of white-tailed deer in urban 

environments to better understand how they utilize and traverse residential and natural spaces. 

As deer populations expand in developed areas, understanding their movement patterns becomes 

critical for managing zoonotic risks such as SARS-CoV-2. Deer were captured with drop-nets in 

urban parks in the Washington metropolitan area and fitted with GPS collars that recorded 

locations every 30 minutes. Spatial analysis of the GPS position data from the collars included a 

Step Selection Function model built with environmental and anthropogenic covariates, and a 

Brownian Bridge Movement model with isopleths at 50% and 95% levels. This analysis revealed 

 



  

how deer navigate urban spaces and which landscape features may influence their movement, 

providing insight into potential pathways for disease spread and opportunities for targeted 

management.  

In my second chapter, I evaluated how human recreation influences wildlife behavior in 

urban parks. Specifically, does on and off-trail human activity affect the timing of activity and 

the daily detection of white-tailed deer, raccoons, red foxes, and coyotes? Using trail camera 

data, wildlife responses to human presence were analyzed with Cox proportional hazards models 

and generalized linear mixed models. This analysis revealed how increased human foot traffic in 

parks can alter both spatial use and timing of wildlife activity. Together, these findings provide 

insight into how wildlife adapt to urban pressures and offer guidance on managing 

human–wildlife interactions and mitigating disease-transmission risks in increasingly urbanized 

landscapes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

SHARED LANDSCAPES, SHARED CONFLICTS:  

A STUDY OF HUMAN AND WILDLIFE INTERACTIONS 

ACROSS THE DC METROPOLITAN AREA 

by 

Matthew H. Payne 

Thesis submitted to the Faculty of the Graduate School of the 

 University of Maryland, College Park, in partial fulfillment  

of the requirements for the degree of  

Master of Science 

2026 

 

Advisory Committee: 

Dr. Jennifer M. Mullinax 

Dr. Travis Gallo 

Dr. Taylor Anderson 

 

 

 

 

 



  

 

 

 

 

 

 

 

 

 

 

 

© Copyright by 

Matthew H. Payne 

2026 

 



 

 

Acknowledgements 

​ I would like to express my sincere gratitude to my committee members, Dr. Jennifer 

Mullinax, Dr. Travis Gallo, and Dr. Taylor Anderson, for their guidance and support throughout 

this process. I am especially grateful to Dr. Mullinax for taking a chance on me with such a 

visible project and to Dr. Gallo for allowing me to prove myself in the field.  

I would also like to thank Dr. Matthew Gonnerman, Dr. Zehidul Hussain, Dr. Grace 

Hummel, Carson Corriel, and Abigail Thiemkey for their support and contributions. I am 

particularly thankful to Dr. Hummel and Carson Corriel, who made me feel welcome in the lab 

from my very first day and ensured that even the most challenging moments were met with 

encouragement. 

I am deeply appreciative of the many technicians, volunteers, and graduate students from 

the Applied Spatial Wildlife Ecology Lab and the Urban x Nature Lab. In no particular order, I 

would like to thank Daylan Sears, Trinity Schindler, Madelyn Jamsa, Nick Olson, Robert Brown, 

Tommy Rhoades, Jane Burgess, Adam Pekor, Beck Fishell, Colleen O'Donnell, Elizabeth 

MacNiece, Jishan Chowdhury, Lavender Harris, Isabella TonVictor Salaverria, Taylor Sinclair, 

Kai Lambert, Virginia Borda, and Rachel Uwimana. 

Finally, I would like to thank my parents, Tanya Booth and Gary Payne, for their 

unwavering support and encouragement throughout my life. They nurtured my curiosity and love 

for wildlife from an early age. Their willingness to invest time, energy, and care into my interests 

shaped the path that led me here, and I am deeply grateful to have had parents who always 

encouraged me to follow my passion 

ⅱ 



 

 

Table of Contents 

Table of Contents.......................................................................................................................... iii 
List of Tables.................................................................................................................................. v 
List of Figures...............................................................................................................................vii 
Chapter 1: Introduction................................................................................................................ 1 
Chapter 2: White-tailed Deer Movements and Disease in the DC Metropolitan Area........... 5 

Methods......................................................................................................................................8 
Study Area........................................................................................................................... 8 
Deer Capture........................................................................................................................ 9 
Disease Sampling...............................................................................................................11 
GPS Collars........................................................................................................................11 
Analysis Periods.................................................................................................................12 
Movement Analysis........................................................................................................... 12 
Landscape Covariates........................................................................................................ 15 
Model Selection................................................................................................................. 19 

Results......................................................................................................................................19 
Collected Data....................................................................................................................19 
Mortality............................................................................................................................ 20 
Brownian Bridge Movement Results.................................................................................20 
Step Selection Function Results.........................................................................................21 
Disease Results.................................................................................................................. 23 

Discussion................................................................................................................................24 
Brownian Bridge Movement Models.................................................................................24 
Step Selection Function..................................................................................................... 25 

Management.............................................................................................................................27 
Chapter 3: Human Foot Traffic on Trails and Its Impact on Wildlife................................... 28 

Methods....................................................................................................................................32 
Study Area......................................................................................................................... 32 
Trail Cameras.....................................................................................................................32 
Selected Species.................................................................................................................33 
Analysis Methods...............................................................................................................33 
Landscape Covariates........................................................................................................ 35 

Results......................................................................................................................................37 
Cox Model......................................................................................................................... 37 
Generalized Linear Mixed Model......................................................................................37 

ⅲ 



 

Discussion................................................................................................................................38 
Cox Model......................................................................................................................... 38 
Generalized Linear Mixed Model......................................................................................40 

Management.............................................................................................................................41 
Chapter 4: Conclusion.................................................................................................................43 
Tables.............................................................................................................................................46 
Figures...........................................................................................................................................66 
Literature Cited........................................................................................................................... 77 
 

ⅳ 



 

 

List of Tables 

Table 1. Summary of trapping locations used for the capture of white-tailed deer across 
the D.C. Metropolitan area, including park region, park size, total number of deer 
captured, and the number of deer collared.........................................................................46 
Table 2. Summary of environmental covariates used in step-selection analysis of 
white-tailed deer movement, including data source, original spatial resolution, reprojected 
raster cell size, and moving-window size used..................................................................47 
Table 3. Summary statistics (minimum, maximum, mean, and standard deviation) for 
covariates used in the analysis........................................................................................... 48 
Table 4. Summary of GPS-collared deer included in the study, including deer 
identification number, collar identification number, number of days transmitting location 
data, estimated body mass, and estimated age at capture.................................................. 49 
Table 5. Mortality information for GPS-collared deer, including deer identification 
number, date of capture, capture location, date of death, and suspected cause of mortality.
51 
Table 6. Seasonal home range estimates for GPS-collared deer, including 50% core home 
range and 95% home range isopleths (ha), and the number of deer included in each 
seasonal calculation........................................................................................................... 52 
Table 7. Model selection results for step selection function (SSF) models for Spring. Five 
candidate models (“Null,” “Environment,” “Development,” “Transportation,” and 
“Global”) were evaluated independently. Model fit is summarized using the number of 
parameters (K), Corrected Akaike’s Information Criterion (AICc), and ΔAIC................ 53 
Table 8.  Model selection results for step selection function (SSF) models for Summer. 
Five candidate models (“Null,” “Environment,” “Development,” “Transportation,” and 
“Global”) were evaluated independently. Model fit is summarized using the number of 
parameters (K), Corrected Akaike’s Information Criterion (AICc), and ΔAIC................ 54 
Table 9.  Model selection results for step selection function (SSF) models for Fall. Five 
candidate models (“Null,” “Environment,” “Development,” “Transportation,” and 
“Global”) were evaluated independently. Model fit is summarized using the number of 
parameters (K), Corrected Akaike’s Information Criterion (AICc), and ΔAIC................ 55 
Table 10.  Model selection results for step selection function (SSF) models for Winter. 
Five candidate models (“Null,” “Environment,” “Development,” “Transportation,” and 
“Global”) were evaluated independently. Model fit is summarized using the number of 
parameters (K), Corrected Akaike’s Information Criterion (AICc), and ΔAIC................ 56 
Table 11. Step selection function (SSF) results showing resource selection strength for all 
covariates included in the global model. Values are presented as exponentiated 
coefficients where values > 1 indicate selection and values < 1 indicate avoidance. 
Confidence intervals (95%) are provided to assess uncertainty.........................................57 
Table 12. Relative contribution of environmental covariates included in the step-selection 
model that includes McFadden’s pseudo-R² values and the proportional contribution of 

ⅴ 



 

each covariate to overall model performance.................................................................... 58 
Table 13. Estimated effects of time on day on deer Step Length, Distance to Residential 
Areas, and Turf Density. Values are coefficient estimates for each covariate with 95% 
confidence intervals........................................................................................................... 59 
Table 14. Summary of positive SARS-2-CoV results grouped by disease test. Note: PCR 
stands for Polymerase Chain Reaction, and sVNT stands for Surrogate Virus 
Neutralization Test............................................................................................................. 60 
Table 15. Summary of environmental covariates used in Cox models and Generalized 
Linear Mixed models, including data source, original spatial resolution, reprojected raster 
cell size, and moving-window size used............................................................................61 
Table 16. Summary statistics (minimum, maximum, mean, and standard deviation) for 
covariates used in the analysis........................................................................................... 62 
Table 17. Wildlife detection events recorded by trail cameras within 24 hours following 
human detections in study areas. For each species, the table reports the number of events, 
sample size (N), and event rate for each time window...................................................... 63 
Table 18. Hazard ratio estimates with 95% confidence intervals from Cox proportional 
hazards models evaluating the influence of environmental covariates on wildlife 
detections within 24 hours following a human detection.................................................. 64 
Table 19. Odds ratios (95% confidence intervals) from binomial generalized linear mixed 
models (GLMMs) showing baseline detection and changes in detection following human 
presence for each species. Values represent the relative odds of detection, where values < 
1 indicate decreased detection following human activity.................................................. 65 

 

ⅵ 



 

 

List of Figures 

Figure 1. Map of Maryland with counties/regions of study highlighted 
(Montgomery County, Prince George’s County, and Washington, D.C.).............. 66 
Figure 2. Seasonal and annual home range sizes estimated using Brownian Bridge 
Movement Models (BBMM). Bars represent the mean home range area (ha) at the 
50% (core use) and 95% (overall use) isopleth levels for winter, spring, summer, 
fall, and annual periods.......................................................................................... 67 
Figure 3. Effects of landscape and movement covariates on deer step selection 
from the global model. Points represent exponentiated coefficients, and horizontal 
bars indicate 95% confidence intervals. Values greater than 1 indicate selection, 
whereas values less than 1 indicate avoidance. The dashed vertical line at 1 
represents no effect. Covariates are grouped into habitat, movement, and urban 
categories............................................................................................................... 68 
Figure 4. Map of the study area that shows the locations of the two urban parks 
used in the study area within Montgomery County, Maryland..............................69 
Figure 5. Locations of trail cameras deployed within the Cabin John Local Park 
used to monitor wildlife and human activity during the study period................... 70 
Figure 6. Locations of trail cameras deployed within the Rock Creek Park used to 
monitor wildlife and human activity during the study period................................71 
Figure 7. Coefficient estimates (± 95% confidence intervals) from a Cox 
proportional hazards model assessing the influence of environmental covariates 
on the time to red fox detection following human activity. Positive coefficients 
indicate an increased hazard of detection (shorter time to detection), whereas 
negative coefficients indicate a decreased hazard (longer time to detection). The 
dashed vertical line denotes no effect.................................................................... 72 
Figure 8. Predicted daily detection probability of white-tailed deer in relation to 
same-day human detection, estimated using a binomial generalized linear mixed 
model (GLMM). Human presence was treated as a binary predictor (absent vs. 
present), and camera ID was included as a random intercept to account for 
repeated measures across sampling locations. Points represent model-predicted 
probabilities, and error bars indicate 95% confidence intervals............................ 73 
Figure 9. Predicted daily detection probability of raccoons in relation to same-day 
human detection, estimated using a binomial generalized linear mixed model 
(GLMM). Human presence was treated as a binary predictor (absent vs. present), 
and camera ID was included as a random intercept to account for repeated 
measures across sampling locations. Points represent model-predicted 
probabilities, and error bars indicate 95% confidence intervals............................ 74 
Figure 10. Predicted daily detection probability of raccoons across a standardized 
gradient of terrain slope, estimated using a binomial generalized linear mixed 
model (GLMM). Camera ID was included as a random intercept to account for 

ⅶ 



 

repeated sampling at individual camera locations. The solid line represents 
model-predicted probabilities, and the shaded ribbon indicates 95% confidence 
intervals. All continuous covariates were standardized prior to analysis.............. 75 
Figure 11. Predicted daily detection probability of raccoons across a standardized 
gradient of terrain ruggedness, estimated using a binomial generalized linear 
mixed model (GLMM). Camera ID was included as a random intercept to account 
for repeated sampling at individual camera locations. The solid line represents 
model-predicted probabilities, and the shaded ribbon indicates 95% confidence 
intervals. All continuous covariates were standardized before analysis................76 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

ⅷ 



 

 

Chapter 1: Introduction 

Since the start of the 21st century, urbanization has expanded rapidly worldwide, with the 

majority of the global population currently living in urban areas (Moll et al., 2019). It was 

proposed that approximately 65% of the global population will live in cities by 2025, or 

approximately 4 billion people (Bradley and Altizer 2022). This increase in urbanization is 

particularly evident in the United States, particularly in regard to the loss of natural habitats that 

is associated with greater development intensity. Deforestation is a common form of habitat loss 

associated with urbanization. Surveys have revealed that in the United States, tree cover is 

declining at a rate of 175,000 acres per year, which amounts to ~36 million trees (Nowak and 

Greenfield 2018). The rate of deforestation is expected to increase as the U.S. population is 

projected to grow by approximately 120 million people by 2030, representing a ~40% increase 

(Alig 2022). This increase in population will require more intensive housing development. Due 

to this expected increase in urban development, 20 million hectares of forest are projected to 

experience widespread deforestation (Alig 2022). Several environmental issues are associated 

with this level of deforestation, such as loss of vegetation biodiversity and increased erosion 

(Pachamama Alliance 2022). Unfortunately, the consequences of this decrease in forests and 

other natural habitats extend beyond physical changes in the landscape.  

The decline in natural habitat has a direct negative impact on wildlife populations 

through habitat loss and habitat fragmentation. Habitat loss occurs when landscapes such as 

forests and grasslands are converted to impervious surfaces, reducing the resources available to 

wildlife (Jackson and Fahrig 2013). Habitat fragmentation occurs when contiguous habitats are 

divided by urban development, resulting in higher edge density and more habitat patches 
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(Jackson and Fahrig 2013), which isolate wildlife populations that struggle to cross impervious 

surfaces. Populations experience reduced fitness due to loss of genetic diversity, increased 

competition for resources, and increased vulnerability to disease (Jackson and Fahrig 2013).  

Some species, such as Eastern gray squirrels (Sciurus carolinensis) and raccoons 

(Procyon lotor), have adapted well to urban environments (Lombardi et al. 2017). These species 

take advantage of benefits available in urban ecosystems that are not available in their natural 

habitats (Lombardi et al. 2017). For example, anthropogenic food sources are more readily 

accessible in urban areas, including bird feeders, disposal bins, and unsecured pet food 

(Lombardi et al. 2017). Studies have also suggested that predation pressure from larger 

carnivores, such as coyotes (Canis latrans), is lower in urban areas than in more rural areas 

(Gallo et al. 2019).  These potential benefits of urban areas are why it has been suggested that the 

survival of certain species, such as raccoons, is higher in urban areas (Lombardi et al. 2017).  

Although certain wildlife species successfully use urban resources, human tolerance of 

wildlife using these resources is often low. As more wildlife enter and use urban spaces, they 

come into contact with humans more frequently (Schell et al. 2020). These interactions are 

typically negative and, as such, referred to as human-wildlife conflicts (Schell et al. 2020). There 

are many forms of human–wildlife conflict, with property damage among the most common. 

Such damage can occur through a variety of mechanisms, including rodents burrowing into 

structural foundations and compromising infrastructure, and herbivorous mammals consuming 

ornamental vegetation, landscaping, and backyard agriculture. In addition, wildlife may damage 

fencing, irrigation systems, and other human-built features while foraging or moving through 

developed areas (Schell et al. 2020). Unfortunately, physical damage can extend beyond just 

property, as attacks on both people and pets are not uncommon (Schell et al. 2020). To make 
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matters worse, these physical interactions between humans and wildlife can facilitate the 

transmission of zoonotic diseases (Schell et al. 2020). Some examples of zoonotic disease 

exposure include bites from infected animals, such as rabies (CDC 2024); contact with feces or 

urine from infected animals, such as hantavirus (CDC 2024); and exposure through vectors, such 

as ticks and mosquitoes (CDC 2024). These examples of human wildlife conflicts demonstrate 

why people are wary of wildlife that intrudes into urban areas.  

While wildlife often intrudes on humans in urban spaces, humans also intrude on wildlife 

in natural spaces, mostly commonly in natural parks (Gentili et al. 2023). As previously 

discussed, urban development causes widespread habitat fragmentation, forcing animals to travel 

through potentially unsafe terrain to navigate between habitat patches. Urban parks help remedy 

this problem by creating “micro-habitats” that wildlife can use to mitigate the impact of habitat 

fragmentation (Jackson and Fahrig 2013). Many natural parks have become “safe havens” for 

wildlife species (Gentili et al. 2023). However, human activities such as hiking and dog walking 

on trails can negatively affect wildlife. Studies have suggested that wildlife will actively avoid 

areas in natural settings that experience frequent human use (Nielsen et al. 2013).   

One species that has become well-established in both developed areas and urban parks is 

the white-tailed deer (Odocoileus virginianus). Green spaces such as parks, cemeteries, and golf 

courses have become heavily used habitats by deer in urban areas (Grund et al. 2002). It has been 

estimated that between 52 to 68% of urban deer home ranges consist of parks  (Grund et al. 

2002). Unfortunately, due to their increasing populations in urban environments, white-tailed 

deer have become a major topic of nuisance wildlife management in the United States. Between 

the decline of hunting and the widespread removal of natural predators (Winkler and Warnke 

2012), white-tailed deer no longer have consistent population regulation in urban and suburban 
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spaces aside from management-based culling efforts. This has resulted in deer populations 

rapidly increasing in many areas of the U.S. (Webb 2024), and, in turn, increasing vehicle 

collisions, garden damage, and the risk of zoonotic diseases (Webb 2024).  

Objectives: As urbanization continues to increase, its impacts on wildlife in urban areas are 

expected to increase as well. As more developments are constructed around urban parks, they 

will experience increased visitation, which may result in wildlife displacing into residential 

areas. If wildlife occurrence increases in residential areas, there may be a greater likelihood of 

human-wildlife conflicts, with white-tailed deer among the biggest culprits. This increased 

likelihood of human-wildlife conflicts can lead to increased zoonotic disease risks, as deer could 

potentially encounter people more frequently as they enter residential areas. To prevent these 

outcomes, it is necessary to implement proper management plans for both deer moving through 

urban areas and people in urban parks. This is why the goals of my analysis are the following; 

 

Objective 1: To describe white-tailed deer movement through urban landscapes and how it 

relates to zoonotic disease risks. 

 

Objective 2: To investigate how human use of parks and trails impacts the movement and 

behavior of wildlife in urban parks.  
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Chapter 2: White-tailed Deer Movements and Disease in the DC Metropolitan Area 

One of the most widely distributed contributors to human-wildlife conflicts in the Eastern 

United States is the white-tailed deer (Odocoileus virginianus) (Wuensch et al. 2025). Due to 

their increasing populations in urban environments, white-tailed deer are a major focus of urban 

wildlife management in the United States (Wuensch et al. 2025). Due to the absence of hunting 

(Winkler and Warnke 2012) and the widespread removal of natural predators in urban areas 

(Webb 2024), White-tailed deer no longer have consistent population regulation in urban and 

suburban spaces aside from management-based culling efforts. This has led to rapid increases in 

deer populations across many areas of the U.S. (Webb 2024).  

In addition to potential environmental degradation, the negative impacts of white-tailed 

deer affect humans more directly. For example, an estimated 1.5 million vehicular accidents 

involving wildlife occur each year (Acharya et al. 2023), 90% of which are attributed to deer and 

result in approximately $1 billion in damages annually (Acharya et al. 2023). This has amounted 

to ~10,000 injuries and ~200 deaths per year attributed to vehicle and wildlife collisions 

(Acharya et al. 2023). Additionally, there have been instances of deer becoming physically 

aggressive towards humans, particularly female deer during the fawning season (Westerfield et 

al. 2019).  

Deer can act as vectors of zoonotic diseases in urban areas, with the most well-known 

being tick-borne diseases. White-tailed deer serve as hosts for adult blacklegged ticks (Ixodes 

scapularis) (Kugeler et al. 2015), which in turn act as vectors for zoonotic bacteria such as 

Borrelia burgdorferi and Anaplasma phagocytophilum (Kugeler et al. 2015). Transmission of 

these bacteria through an infected tick bite can result in Lyme disease and Anaplasmosis 

(Kugeler et al. 2015). Due to increasing deer densities in suburban and urban areas, there is a 
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greater likelihood of encountering ticks in urban environments (Thérese Janzén et al. 2024). 

SARS-CoV-2, the virus that causes COVID-19, was also detected in deer in 2021 (Chandler et 

al. 2021). Although it has not been commonly observed, documentation indicates that 

SARS-CoV-2 can transfer between white-tailed deer and other mammalian species, including 

humans (Feng et al. 2023). Additionally, deer can act as reservoirs for multiple lineages of 

SARS-CoV-2, suggesting a potential risk of spillover from former lineages back into the human 

population through exposure to infected deer (Feng et al. 2023). 

The growing frequency of conflicts between humans and deer emphasizes the need for 

effective deer management strategies. Effective management of deer can reduce their negative 

impacts and limit human-wildlife conflicts. The primary tool for managing urban deer is public 

hunting or managed sharpshooting, aimed at reducing deer populations to a more manageable 

level (Elyer 2016). While managed hunts have proven to be the most successful form of deer 

management, they cannot be consistently employed in urban areas due to a lack of safe hunting 

land (Elyer 2016). When public hunting is not possible, government agencies often step in to 

conduct managed hunts with trained agency employees (e.g., NPS).  

The DC Metropolitan Area is a valuable region to explore this topic because its extensive 

urban development limits opportunities to employ hunting as a management tool. Currently, 

white-tailed deer in Maryland are managed by the Maryland Department of Natural Resources 

(MDNR), which allows public hunting under specific county regulations (Elyer 2016). During 

the 2024-2025 managed hunting season, 3,464 deer were harvested in Montgomery County and 

1,806 deer in Prince George’s County. In total, 84,201 deer were harvested across Maryland 

(Maryland Department of Natural Resources 2025). Unlike Maryland, public hunting of deer is 

prohibited in DC (Title 19, District of Columbia Municipal Regulations), and all deer hunting is 
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conducted by the National Park Service (NPS), although harvest data are not readily available.  

Currently, NPS manages deer on 27 properties in Washington, D.C., to reduce deer density and 

preserve vegetation in the managed parks (National Park Service 2021). Despite these efforts, 

managing deer populations across the entire D.C. Metropolitan landscape remains a challenge. A 

significant issue for effective deer management in the DMV is the limited availability of hunting 

land (Eyler 2023), which, in turn, creates large “safe zones” for deer populations. In the absence 

of natural predation, deer populations can steadily increase, rendering managed hunts less 

effective. 

 Understanding how environmental factors influence urban deer movement and habitat 

selection will enable more effective deer management plans. By identifying the specific features 

of urban landscapes that attract deer, management efforts can be more effective by modifying or 

reducing their appeal. This approach allows for more efficient allocation of resources by 

focusing on locations of high deer use. Additionally, areas with frequent deer activity can be 

identified as potential hotspots for zoonotic disease transmission, providing valuable information 

for monitoring and mitigation efforts. Here, I employed regression-based modeling techniques to 

assess how landscape variables influence deer decision-making as they move through urban 

landscapes. The objectives of this chapter are: 1) to identify characteristics of white-tailed deer 

movement corridors in urban areas, 2) to describe patterns in the frequency and proximity of 

white-tailed deer visits near residential homes and other areas of high human usage that may 

increase zoonotic disease risk, and 3) to report on disease findings from white-tailed deer in the 

DMV. 
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Methods 

Study Area  

This study took place in the Washington Metropolitan Area (DMV) in Montgomery 

County and Prince George’s County, Maryland, and within the district limits of Washington, 

D.C. (Figure 1). The DMV is located within the Mid-Atlantic Region of the United States. The 

DMV experiences all four seasons and is split into two ecoregions (Collins and Gallo 2024). The 

first is the Appalachian Piedmont region in the west, and the second is the Mid-Atlantic coastal 

plain in the east (Collins and Gallo 2024). This results in the DMV consisting of a variety of 

habitats, including wooded wetlands, coastal plain swamps, upland floodplain forests, and 

ruderal grasslands (Collins and Gallo 2024). The flora of the DMV primarily consists of 

broadleaf deciduous forest (Butler-Leopold et al. 2018). As for the urban aspect, the DMV is one 

of the fastest-growing and most densely populated regions in the United States (Collins and 

Gallo 2024). It has many small towns and several major population centers around the major 

metropolitan area of Washington, D.C (Sexton et al. 2013).  

We collared deer at four sites in Montgomery County, two in Prince George’s County, 

and six in D.C. (Table 1). The four sites in Montgomery County were: Nolte Local Park, 

Westmoreland Hills Local Park, Randolph Hills Local Park, and Meadowbrook Local Park. 

Montgomery County is the largest county in Maryland by human population, with an estimated 

population of ~1,087,290 (Montgomery County Government 2024). We also trapped at Chillum 

Park (16.8 acres, M-NCPPC 2023) and Colmar Manor Park (120 acres, M-NCPPC 2023) in 

Prince George’s County, the second most populous county in Maryland, with a population of 

~926,020 (Prince George's Government 2023). Lastly, we trapped deer at six sites in D.C.: 
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Catholic University’s West Campus Solar Array, Fort Dupont Park, Fort Slocum Park, 

Kenilworth Park, Old Soldiers’ Home Golf Course, and the U.S. Park Police Rock Creek 

Stables. In addition to being the capital of the United States, the District of Columbia has the 

highest population density in the U.S (United States Census Bureau 2024). D.C. has a population 

of ~702,250, with a population density of ~11,488 per square mile (United States Census Bureau 

2024). 

 

Deer Capture 

At each park, we picked specific trapping locations characterized by 1) clear signs of deer 

activity, 2) open, flat terrain, 3) minimal disturbance to human activity, and 4) vehicle 

accessibility. At each trapping location, a 40’ x 40’ drop net (Wildlife Capture Services) was 

assembled four to five days before trapping took place to allow deer to acclimate to the net. We 

baited drop net sites with a mixture of deer corn and apples 2 to 3 days before trapping 

commenced. To monitor both frequency and timing of deer activity underneath drop nets, we 

installed a Strike Force Wireless Camera (Strike Force Pro x1080) at each site. Images were 

transmitted remotely and reviewed using the manufacturer’s mobile application. 

Deer captures occurred from January 2024 to March 2024 and from December 2024 to 

March 2025. Because trapping occurred in urban parks, we did not deploy drop nets until after 

sunset each night to coincide with peak deer activity and to minimize disturbance to park 

visitors. Additionally, the cooler nighttime temperatures were necessary for anesthesia-based 

trapping (described below), which affected the deer's ability to regulate body temperature 

(Malinowski et al. 2019). It should be noted that we did not trap on nights when temperatures 

dropped below -12° C. On trap nights, we waited in a blind or a nearby vehicle, approximately 
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25 meters away, as urban deer are relatively habituated to humans. When the desired number of 

deer (1-3 individuals) began feeding under the net, we dropped the net when the deer were in a 

head-down position toward the center of the net. Once the net was dropped, we safely restrained 

the deer beneath the net. Deer were anesthetized with a BAM mixture consisting of Butorphanol 

(27.3 mg/mL), Azaperone (9.1 mg/mL), and Medetomidine (10.9 mg/mL) per 1 mL of solution 

(Malinowski et al. 2019). BAM was injected into a gluteal muscle mass, and a predetermined 

amount was administered based on the visually estimated weight of the deer (Miller et al. 2009). 

Typical dosages ranged from 0.3–0.5 mL for fawns, 1.0–1.5 mL for adult female deer, and 

2.0–2.25 mL for adult male deer (Wedgewood Pharmacy 2025).  

Once anesthetized, we removed the deer from the net, fitted them with a face blind, and 

placed them on the ground or on tarps, depending on the temperature at the time of capture. A 

volunteer was assigned to hold each deer in a sternal recumbency position to reduce the risk of 

asphyxiation. Once the deer were placed in the recovery position, their temperature was taken 

with a rectal thermometer, they were placed on medical-grade oxygen, and an oxygen sensor was 

fitted on their tongues. Temperature, oxygen levels, and respiration were observed and recorded 

every 5 minutes. We recorded age as either a fawn (<1 year of age) or in 0.5-year intervals up to 

4.5 years of age as adults (Roden-Reynolds et al. 2022), and each deer was given two ear tags. 

One was a metal ear tag that read “do not consume” to warn potential hunters that the deer had 

been injected with BAM. The second ear tag was an “identifier” tag that assigned a unique 

number to each deer. Biological samples were then collected, and GPS collars were fitted to 

those deer that could receive them (described below). At the end of the procedure, each deer was 

given Atipamezole (0.1 mg/kg) and Naltrexone (1.5 mg/kg) to reverse the effects of the B.A.M 

(Shury et al. 2010). Once the deer was reversed, we observed the deer for approximately 10 
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minutes to monitor for any potential adverse effects. 

 

Disease Sampling 

While anesthetized, each deer was sampled for the wildtype and omicron variants of 

SARS-CoV-2 (SCV-2) and Chronic Wasting Disease (CWD). To test each deer for SCV-2, oral 

and nasal swabs were collected for Polymerase Chain Reaction Testing and Surrogate Virus 

Neutralization Tests (sVNTs). To test for Chronic Wasting Disease (CWD), ear punch biopsies 

were taken from each deer, additional swabs were taken, and if time and deer health allowed, 

5mL of blood was drawn from the jugular vein. The collected blood samples were then 

centrifuged for 20 minutes to separate serum, which was used for SVNT and SCV-2 antibody 

testing. Additional blood collected from the deer was then used to saturate Nobuto blood filter 

strips (Dusek et al. 2011). All collected samples were sent to contacts at the National Wildlife 

Research Center (NWRC), a program within the United States Department of Agriculture 

(USDA) and the Animal and Plant Health Inspection Service (APHIS).  

 

GPS Collars 

If the deer was at least 1.5 years old and had a visually estimated weight of at least 45 kg, 

we fitted it with a Vectronic Vertex Plus collar equipped with a VHF beacon (Vectronic 

Aerospace, Berlin, Germany). Female deer were the primary targets for trapping, as studies have 

suggested that female deer are more likely to use potentially high-risk areas to forage than their 

male counterparts (Stewart et al. 2022). All collars were equipped with foam along the interior, 

against the deer’s neck, to cushion against abrasions and improve the fit of the collar. Once 

collars were deployed, each collar recorded a GPS location and timestamp every half hour. 

11 



 

Additionally, every fourth GPS point recorded by the collars was uploaded via satellite to the 

Inventa program (Vectronic Aerospace, Berlin, Germany). This allowed viewing deer movement 

every 2.5 hours without requiring access to the collar to retrieve data. Not every GPS point was 

uploaded due to battery drainage concerns; therefore, all GPS points were stored onboard the 

collar’s computer until release to preserve battery life, which was estimated to last 1.5 years. For 

collars that remained on deer for 1.5 years, we used a remote drop-off mechanism and recovered 

them from the field.  

 

Analysis Periods 

​ I analyzed GPS data from deer on a seasonal basis, as deer behavior changes throughout 

the year (Bubenik et al. 1982). I chose to use astronomical seasons, as studies suggest that deer 

respond to day length rather than temperature cycles (Bubenik et al. 1982). Astronomical seasons 

are defined by the two solstices (summer and winter), and the two equinoxes (spring and fall) 

(Bubenik et al. 1982). Therefore, Spring was from March 21st to June 20th, Summer from June 

21st to September 22nd, Fall from September 23rd to December 21st, and Winter from 

December 22nd to March 20th. 

 

Movement Analysis 

The primary methods I used to analyze GPS movement data were the Brownian Bridge 

Movement Model (BBMM) and the Step Selection Function (SSF). I used Brownian Bridge 

Movement Models to estimate an animal’s home range by considering the order of locations 

along its full movement path. The utilization distribution generated by the BBMMs is useful for 

defining home ranges and primary areas of use for wildlife species (Nettles et al. 2021). Home 
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ranges are typically evaluated as isopleths of the BBMM estimate, depicting the 50%, 90%, and 

95% isopleth levels. Brownian Bridge Movement models use the expected position of the 

animal, estimated from point-track location data, to estimate the probability of the animal's 

occurrence between locations (Kranstauber et al. 2022). The BBMM assumes that animal 

movement occurs continuously between successive GPS locations, allowing estimation of the 

probable space used during the intervals between recorded points (Kranstauber et al. 2022). 

I fit BBMMs using the “move” (Kranstauber et al. 2022) and “adehabitatHR” (Calenge 

2006) packages in the program R ver. 4.3.1 (R Core Team 2024). GPS location data collected 

from the collars were imported into R (R Core Team 2024), where the BBMMs were created 

using the previously mentioned packages. To fit BBMMs, location error, window size, margin, 

dimension size, and time step must be assigned values (Kranstauber et al. 2022). Location error 

was set at 5 m (Kranstauber et al. 2022). The window size was set to 31 to capture movement 

over 2-3 days (Kranstauber et al. 2022). Margin was set to 11 for a window size of 31, following 

recommendations that margin values be smaller than half the window size to minimize edge 

effects in variance estimation (Kranstauber et al. 2022).  

To investigate fine-scale deer habitat selection, I used the Step Selection Function (SSF; 

Thurfjell et al. 2014), as it allows investigation of animal movement and behavior at fine 

temporal scales, such as the 30-minute-resolution deer location data recorded by the Vertex 

collars. SSFs are estimated using conditional logistic regression, in which random steps are 

generated from each “true step” and matched to their corresponding “true” step (Thurfjell et al. 

2014). These steps, both “true” and “random,” are then overlaid onto rasters containing different 

landscape variables, from which values are extracted at each “step” (Thurfjell et al. 2014). The 

step selection formula is presented below: 
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 𝑤(𝑥� | 𝑥�₋₁) =  𝑒𝑥𝑝(β₁𝑧₁(𝑥�) +  β₂𝑧₂(𝑥�) +  ⋯ +  βₖ𝑧ₖ(𝑥�))
 

In the step selection formula,   represents the probability of selecting a 𝑤(𝑥� | 𝑥�₋₁)

location , based on the previous location . β₁, β₂, and  represent the selection 𝑥� 𝑥�₋₁​ βₖ

coefficients estimated by the model, which relate to how strongly a deer responds to each. If β > 

0, it suggests a preference for the covariate (Thurfjell et al. 2014). If β < 0, this suggests 

avoidance of the covariate. If β = 0, there was no effect of the covariate. For the covariates 

themselves,  represents the value of the covariate at the location . K in this formula 𝑧ₖ(𝑥�), 𝑥�

represents the number of covariates used in the model. As deer move through their home ranges, 

they make decisions on their movement based on the surrounding landscape (Ellison et al. 2024). 

Within R, the previously mentioned landscape covariates were imported as rasters and were 

scaled so that all covariates were on the same numeric scale. For each covariate, I calculated a Z 

score with a mean of 0 and a standard deviation of 1. By extracting the landscape covariates at 

each “deer step” and comparing them to the covariates extracted at the randomly generated 

“steps,” inferences can be made about how covariates influenced the deer’s decision-making 

(Ellison et al. 2024).  

In addition to the landscape covariates, step lengths and turning angles were created using 

the Step Selection Function. Step lengths are defined as the distance between two GPS locations. 

Because the GPS collars were set to record GPS locations every 30 minutes, step lengths 

represented the distance deer traveled over 30 minutes. Larger step-length values suggested 

greater distance traveled or faster movement, whereas smaller step-length values suggested 

slower movement. Turning angles are defined as the change in direction between each step. This 

was used to describe the directional movement of collared deer, where a value of ~1 represents 

straight-line movement, a value of ~ 0 represents random turning, and a value of ~ -1 represents 

14 



 

a reversal of direction.  

 

Landscape Covariates 

I hypothesized that the availability of natural landscapes would be positively correlated 

with deer use. To test this hypothesis, I created an “Environmental” model incorporating four 

covariates that describe deer's natural habitat. As deer require access to water sources regardless 

of the landscape (Pierce et al. 2022), I included distance to water as a covariate. This variable 

was derived from linear hydrography data from the US Census Bureau and calculated using the 

“Distance Allocation” tool in ArcGIS Pro (Version 3.5.1) at a 10 m cell resolution. Additionally, 

I used ArcGIS to merge the linear hydrography data with raster data from the Chesapeake Bay 

Land Use/Land Cover (LULC) database (Chesapeake Conservancy 2024) to ensure that all water 

sources were represented. I hypothesized that deer would use open spaces with low vegetation, 

such as lawns and athletic fields, i.e., “Turf Density”, for foraging (Wuensch et al. 2025). 

Evidence suggests that White-tailed deer frequently use lawns, picnic areas, or athletic fields in 

urban environments (Wuensch et al. 2025). To create this covariate, I once again used the LULC 

database. Turf Grass was defined as low-growing vegetation associated with human-use areas 

such as residential lawns, athletic fields, cemeteries, and golf courses (Chesapeake Conservancy 

2024). I reclassified the LULC into a “turf” layer, assigning “turf” 1 and everything else 0. I then 

created a 100-cell moving window using ArcGIS’ “Focal Statistics” tool to quantify the local 

proportion of turf within the defined neighborhood. I hypothesized that deer would select areas 

with higher percentages of forest cover, as forested habitats provide both forage and cover and 

are consistently associated with increased habitat selection in white-tailed deer (Stephens et al. 

2024). I created “forest” by reclassifying the LULC 1-meter-resolution data in ArcGIS, assigning 
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1 to all forest types and 0 to anything not classified as forest. I assessed the percent forest within 

a 100-cell moving window, using a mean function in the “Focal Statistics” tool in ArcGIS. 

Finally, I hypothesized that deer would select areas with higher forest perimeter–area ratios, as 

higher values indicate greater edge habitat, and white-tailed deer are known to preferentially use 

edge environments that provide both forage and protective cover (Adams et al. 2020). I reused 

my “forest” layer from the previous covariate, and then imported it into Fragstats (McGarigal et 

al. 2012), where the PAR of forest was computed as the mean perimeter-area ratio using a 

100-cell moving window. 

My second model was based on characteristics describing human-developed landscapes 

(“Developed”), including covariates for building density, distance to residential areas, and 

median household income. I hypothesized that deer may avoid areas with high building densities, 

as they tend to prefer more suburban areas over urban areas with high building densities 

(Potapov et al. 2014). To test this hypothesis, building footprint data from the Federal Emergency 

Management Agency (FEMA) were converted to a raster, and a 100-cell moving window was 

created to quantify the density of building cells within the defined neighborhood. I hypothesized 

that deer would select locations near residential homes, based on a study conducted in Howard 

County, Maryland, which found that deer use residential areas more during the winter 

(Roden-Reynolds et al. 2022). To investigate this hypothesis, I reused the building footprint data 

from FEMA and selected only residential buildings. FEMA data were useful because they 

distinguished between structure types, allowing the identification of residential buildings. From 

the selected buildings, the “Distance Accumulation” tool was run with a cell size of 10 meters.  I 

hypothesized that deer spend more time near households with higher incomes, as these homes 

tend to have large, high-quality lawns (Contosta et al. 2020). To test this hypothesis, median 
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household income data were obtained from the 2019 to 2023 American Community Survey 

(ACS) at the Census block level using the “tidycensus” function in R. The income data were then 

spatially joined to both the collar GPS locations and the randomly generated points from the step 

selection function, to assign each point the household income values of its corresponding block 

group.  

My third model, "Transportation", was intended to describe variation associated with 

landscape features relevant to human transportation, because I hypothesized that deer selection is 

influenced by developed roads. The basis for this covariate came from two studies: one 

conducted in Pennsylvania that suggested deer mortality was related to paved road density 

(Munro et al. 2012), and a study on deer-vehicle collisions in Alberta, Canada, that suggested 

deer tended to avoid roads that had an excess of 11,000 Annual Average Daily Traffic (AADT) 

(MacDougall et al. 2024).  My “transportation” model was based on two covariates, “distance to 

major traffic corridors” and “road density”. I hypothesized that deer would not select locations 

near roads with heavy amounts of traffic. To test this hypothesis, AADT data were taken from 

the Maryland Department of Transportation (MDOT 2020) and the District Department of 

Transportation (DDOT). In ArcGIS, I used the “Distance Accumulation” tool to output a 10m 

resolution raster of roads with AADT exceeding 11,000 (Jacobson et al. 2016). In addition to 

traffic impacts, road configuration can shape deer movement behavior, as higher paved road 

density is associated with increased mortality risk (Munro et al. 2012). Therefore, I hypothesized 

that deer would avoid areas with high paved-road density to reduce risk. To describe road density 

in my study area, I downloaded Topologically Integrated Geographic Encoding and Referencing 

(TIGER) Line Shapefiles of roads from 2023, created by the U.S. Department of Commerce and 

the Census Bureau, and applied the “Line Density” tool from ArcGIS at a raster resolution of 10 
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meters and a search radius of 100 meters (Giudice et al. 2019).  

Deer behavior has been well documented to vary with the time of day (Bubenik et al. 

1982). To investigate whether there were any changes in covariate selection across different 

times of day, I included a time-of-day covariate as an interaction with “turf density,” “distance to 

residential,” and “distance to major traffic corridors,” representing one interaction each in the 

three hypothesis-driven models. “Turf density” was selected as an environmental variable for the 

model because deer are more likely to forage in open areas with low vegetation during low-light 

periods (Salvatori et al. 2022). “Distance to Residential” was chosen as studies have shown that 

deer are more likely to move into residential areas during low-light periods as well 

(Roden-Reynolds et al. 2022). For “distance to major traffic corridors,” I hypothesized that deer 

would be more confident approaching busy roads at night, as there is typically less traffic on the 

roads during that time (Jacobson et al. 2016). Lastly, time of day was used as an interaction with 

deer “step length” to investigate if deer movement changed in accordance with the time of day. 

The time-of-day covariate was created by dividing the 24-hour day into 3-hour intervals (e.g., 

00:00–03:00) and incorporating these bins as interaction terms with the previously described 

covariates.   

​ To ensure that there were no significant correlations among landscape covariates, a 

correlation analysis was conducted on all covariates. The results of the analysis revealed that 

“Distance to Major Traffic Corridors” and “Distance to Residential Homes" had a significant 

positive correlation (0.86). To account for this correlation, the “Distance to Major Traffic 

Corridors” covariate was excluded from the "Global" model, as the odds of contracting zoonotic 

diseases may be higher when deer remain in proximity to residential homes.  Additionally, 

“Distance to Major Traffic Corridors” showed a moderate negative correlation with “Road 
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Density” (-0.56) (Fig. 2).  

​ Additionally, to assess the influence of each covariate, I calculated the McFadden 

Pseudo-R2 values for each covariate in the best-fitting model. The McFadden R2 value is a 

goodness-of-fit measure for logistic regression models (Domencich 1975). For this analysis, I 

calculated McFadden's R2 for each covariate in the model(s) with the strongest support to assess 

how well each covariate improved the prediction of deer step selection. This was accomplished 

by removing each covariate from the model and evaluating the resulting change in model fit, 

thereby enabling assessment of each covariate's relative contribution.  

 

Model Selection 

​ I used hypothesis-driven SSF models to evaluate how anthropogenic and environmental 

factors influence white-tailed deer movement through urban landscapes. Each model was 

organized into biologically meaningful categories based on covariates described in the next 

section (Table 2-3). The three hypothesis-driven models were “Environment”, “Development”, 

and “Transportation.” For comparison, a null model was created using only deer movement 

characteristics as covariates, and a "Global" model that included all covariates. To evaluate 

seasonal differences in deer movement, all five step selection models, “Null”, “Environment”, 

“Development”, “Transportation”, and "Global" were run independently for each of the four 

astronomical seasons.  

 

Results 

Collected Data 

In total, 57 white-tailed deer (30 females, 27 males) were captured during the two 
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trapping seasons. Of all 57 deer captured, 39 (13 males, 26 females) were fit with GPS collars. 

None of the deer captured were euthanized, and only one known mortality was observed within 

48 hours of the trapping event. Of the 39 deer collared, 31 were monitored for at least 30 days. 

The average age of deer collared was 2.1 years old, and the average weight was 56.7 kg (Table 

4).  

 

Mortality 

Of the 39 collared deer, 11 deer experienced mortality events. The leading cause of 

mortality for collared deer was suspected to be Epizootic Hemorrhagic Disease (EHD). EHD is a 

highly fatal disease transmitted by biting midges and commonly affects white-tailed deer during 

late summer to early fall (Perdue 2025). Between August 14th and September 28th of 2025, 8 

collared deer were suspected to have experienced mortality due to EHD. The other three deer 

were either victims of illegal poaching or died due to unknown causes (Table 5).  

 

Brownian Bridge Movement Results 

​ The home ranges of female deer varied seasonally (Figure 2). During the winter, the 

overall home range was the second largest, with a 95% isopleth of 36.11 ha ± 17.12 ha and a core 

home range of 4.34 ha ± 2.07 at the 50% isopleth. During the spring, the overall home range 

increased to 39.25 ha ± 17.56 ha, with a core area of 5.34 ha ± 1.24 ha, making the average home 

range size the largest during this time period. During the summer, the overall home range 

decreased to 26.94 ha ± 15.01 ha, with a core area of 4.01 ha ± 2.62 ha, which was the smallest 

overall home range size. Lastly, during the fall, home range size was 28.02 ha ± 17.55 ha, with a 

core area of 4.05 ha ± 2.51 ha. The average annual home range size was 33.22 ha ± 17.78 ha with 
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a core area of 4.48 ha ± 2.23 ha (Table 6).  

 

Step Selection Function Results 

The “Global” model was consistently the best-supported across all seasons based on AIC, 

followed by the “Development” models (Table 7–10). Covariate influence was assessed using 

ΔMcFadden’s pseudo-R2 and indicated that “Distance to Residential” had the strongest covariate 

influence on model performance (Table 12). Specifically, removing this covariate resulted in the 

largest reduction in model fit across all seasonal models (ΔMcFadden = 0.07 -- 0.098), compared 

to other predictors. This indicates that “Distance to Residential” contributed the most to 

explaining variation in deer space use. Accordingly, these results suggest that deer strongly select 

areas near residential homes. While not as influential as “Distance to Residential” in the models, 

“Income” and “Building Density” demonstrated relatively consistent support across all four 

models. “Income” provided an average influence of 10.5%, and “Building Density” provided an 

average influence of 8.85%. The covariates that appeared to have the least impact on the 

"Global" models were those belonging to the “Environmental” model: "Perimeter Area Ratio of 

Forest,” “Percent Forest,” “Turf Density,” and “Distance to Water.”  

To understand these patterns, each covariate was examined individually to evaluate its 

effects on deer management and habitat selection (Table 11). The coefficients from the step 

selection function are interpreted on the log scale, and when exponentiated, (exp(β)) represent 

Resource Selection Strength (RSS). Values greater than 1 indicate positive selection, whereas 

values less than 1 indicate avoidance of the covariate. Deer collared during this study had a value 

of � = 1.00 (95% CI: 1.00 - 1.00) for step length (Figure 3). This means that deer did not have a 

preference for longer or shorter steps. Deer collared during this study had a turning angle value 
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of (� = 0.45, 95% CI: 0.41 - 0.43), which meant that deer preferred more directional straight-line 

movement. Collared deer had positive selections for locations with high percentages of forest 

cover (� =1.05, 95% CI: 1.00 - 1.09), further distances from water sources (� = 1.03, 95% CI: 

1.02 - 1.08), and high densities of “Turf” (� = 1.10, 95% CI: 1.06 - 1.18). Collared deer showed 

an avoidance of locations with high forest perimeter-area ratios (� = 0.75, 95% CI: 0.69 - 0.74), 

high road densities (� = 0.71, 95% CI: 0.69 - 0.73), high median household income (� = 0.69, 

95% CI: 0.67 - 0.71), and high building density (� = 0.68, 95% CI: 0.66- 0.69). Intriguingly, 

deer had a selection of  (� = 0.13, 95% CI: 0.10 - 0.16) for distance to residential. This means 

that collared deer frequently selected locations near residential homes.  

Deer movement and habitat selection also varied with time of day. Deer had a tendency 

for longer steps during evening periods, 18:00 - 21:00 (� = 1.02, 95% CI: 0.99 - 1.04) and 21:00 

- 24:00 (� = 1.01, 95% CI: 0.99 - 1.04). Deer showed a stronger tendency towards short steps 

during mid-day periods 09:00 - 12:00 ( � = 0.98, 95% CI: 0.96 - 1.00) and 12:00 - 15:00 (� = 

0.98, 95% CI: 0.95 - 0.99). This suggested that deer had reduced movement during mid-day 

hours. 

Deer generally had a positive selection for locations with high “turf “density. However, 

deer had a reduced selection for locations with high turf density during evening hours 18:00 - 

21:00 (� = 0.74, 95% CI: 0.68 - 0.80) and 21:00 - 24:00 (� = 0.77, 95% CI: 0.71 - 0.83). Deer 

also had an increase in selection for turf during early morning hours, 03:00 - 06:00 (� = 1.10, 

95% CI: 1.02 - 1.18) and 06:00 to 09:00 (� = 1.09, 95% CI: 1.00 - 1.17).  

Deer selected locations close to residential homes. However, during the evening hours, 

deer appeared to have weaker selection for these locations 18:00 - 21:00 (� = 1.04, 95% CI: 0.79 

- 1.37) and 21:00 - 24:00 (� = 0.98, 95% CI: 0.75 - 1.29). Deer selection for locations near 
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residential homes increased during the morning hours 06:00 - 9:00 (� = 0.71, 95% CI: 0.52 - 

0.96) and 09:00 - 12:00 (� = 0.61, 95% CI: 0.45 - 0.82). These results indicate that deer adjust 

their movement and habitat use across the diel cycle in response to human-dominated landscapes 

(Table 13). 

 

Disease Results 

In total, 57 deer were captured and swapped. Additionally, around the same time as 

trapping events, the United States Department of Agriculture conducted sharpshooting events in 

D.C. and Montgomery County, which were also sampled, resulting in a combined sampling 

effort of 204 deer. There were six disease tests conducted on deer captured via drop net and 

harvested by the USDA, resulting in a total of 1,224 SARS-CoV-2 tests. Out of these 1,224 tests, 

46 samples generated a positive SARS-CoV-2 result (Table 14). Of these 46 positive tests, 13 

came from collared deer. Two of the collared deer captured from the CUA Solar Field tested 

positive for the Omicron variant of SARS-CoV-2. These positive results came from the 

Surrogate Virus Neutralization Tests (sVNTs). 

Additionally, 7 other deer tested positive for the Omicron variant. Three of these deer 

were harvested from Fort Dupont in Washington, DC, and the results were obtained through 

Nobuto testing. Nobuto tests were also used to detect the Wild-Type variant of SARS-CoV-2. 

Three of these positive results came from the CUA solar field. Another four came from the 

National Arboretum in D.C. The sVNT tests were also used to detect the wildtype variant, 

yielding 7 positive results. As for the Polymerase Chain Reaction test (PCR), there were 15 

positive results; 9 from the nasal test, and 6 from the oral test. Notably, 7 of these positive tests 

were from deer culled in the Kengla Trail area of the North Branch Stream Valley in 
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Montgomery County.  

 

Discussion 

Brownian Bridge Movement Models 

​ Our results from the Brownian Bridge Movement models suggest that the home range of 

white-tailed deer is largest in spring, averaging 39.25 hectares. Female deer tend to increase their 

home range size in spring because they require higher-quality, nutrient-rich vegetation at this 

time (Grund et al. 2002). This pattern is driven by physiological changes associated with 

pregnancy and, subsequently, by the increased energy required for nursing (Stewart et al. 2022).  

During the spring, new vegetative growth sprouts unevenly across the landscape, potentially 

requiring female deer to have larger home ranges to find the vegetation they require (Stewart et 

al. 2022). In this study, deer had the second-largest home ranges in winter, averaging 36.11 

hectares. During the winter, deer exhibited a pattern similar to that of spring, in which the lack of 

available vegetation forces them to expand their home ranges to find food (Stewart et al. 2022).  

​ The smallest average home range occurred during the summer, at 26.94 hectares. Deer 

most likely exhibited this behavior due to the amount of vegetation available at this time. During 

the summer, vegetation is at peak bloom, so female deer do not need to travel further distances to 

find food (Grund et al. 2002). Additionally, towards the end of summer, fawns begin eating 

vegetation instead of nursing from their mothers, so there is less of an energy requirement for 

adult female deer (Grund et al. 2002).  

Female deer had the second smallest home ranges during the fall, with an average home 

range size of 32.20 hectares. This result is interesting as some studies have suggested that female 

deer have larger home ranges in the fall.  It is well documented that male deer increase their 
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home range during the fall breeding season (Hunsaker et al. 2025). This, in turn, leads female 

deer to increase their efforts to avoid male deer (Hunsaker et al. 2025). Due to high building 

density, impervious cover, and busy roads in the DMV, female deer may alter their 

breeding-season strategies to avoid male deer. Instead of spreading out and expanding their home 

range, female deer may congregate in certain areas to avoid male deer. Areas with high 

residential development may serve as “safe havens” for female deer, as they appear to be more 

acclimated to residential areas than male deer (Roden-Reynolds et al. 2022). This suggests that 

they decrease their home ranges and congregate in residential areas to avoid the pressure from 

male deer during the fall breeding season. 

An additional reason for this decrease in home range during the fall may be the deer's 

preparation for winter. As discussed earlier, one aspect of winter that affects deer behavior is the 

decrease in vegetation. To prepare for this decline in vegetation, deer may congregate in areas 

where they know there is abundant, high-fat food. Deer may decrease their home ranges in the 

fall to areas with high oak density to maintain a steady supply of acorns and increase body fat in 

preparation for winter (Feldhamer et al. 1989).   

 

Step Selection Function 

​ Across all four models, the “Global” model consistently performed the best across all 

seasons. This suggests that deer “step” selection is influenced by a combination of landscape 

factors rather than any single grouping of covariates. Deer frequently selected locations near 

residential homes in our analysis, possibly using residential structures as “refuges” from 

predators (Wuensch et al. 2025). Studies have shown that deer often move into residential areas 

at night and bed down within 50 meters of residential structures (Roden-Reynolds et al. 2022).  
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Additionally, studies have shown that female deer have a strong preference for residential 

areas during the winter (Roden-Reynolds et al. 2022), which is supported by the "Global" model 

for winter, where “Distance to Residential” had the highest ΔMcFadden score. This pattern is 

likely driven by reduced availability of natural forage during winter, which may encourage deer 

to utilize residential areas where supplemental food sources, such as bird feeders and perennial 

vegetation in lawns, remain accessible. 

The relatively weak influence of environmental covariates, as indicated by McFadden’s 

pseudo-R² results, likely reflects the disproportionate amount of time deer spend in or near 

residential areas compared to surrounding natural habitats. As deer are “edge” species, they 

likely spend a large portion of their time on the edges of forests in residential areas 

(Roden-Reynolds et al. 2022). This would explain why the “environmental” covariates did not 

exert as much influence on the "Global" models as the other covariates, as they may not 

consistently frequent areas with high amounts of landscape that make up these covariates.  

​ Step length appeared to decrease during daylight hours from 9:00 to 18:00. This aligns 

with documented deer behavior, which shows that deer are more active at night and twilight 

(Roden-Reynolds et al. 2022). Deer exhibited increased selection for areas with high “turf 

density” between 3:00 and 9:00. As previously noted, the “turf density” covariate includes 

features such as lawns and other maintained grassy areas. This pattern suggests that deer are 

actively using these open, low-vegetation spaces during early morning hours, likely for both 

foraging and movement. These results suggest that deer may be using lawns and similar 

turf-dominated areas as transitional pathways while moving through urban environments, where 

they may rest or access additional food resources during daylight hours. 
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Management 

​ As previously discussed, one of the challenges of managing white-tailed deer in urban 

areas is finding safe places to do so without risk to the general public. One of the most important 

findings of this analysis is the relationship between deer and residential homes. Deer appear to 

have a strong relationship with residential homes, which may be the key to successfully 

managing them. However, the time-of-day interaction with step length revealed that deer move 

more at night, indicating they are more alert and moving more frequently, which may reduce the 

effectiveness of managed hunting. Therefore, the strategy for making white-tailed deer easier to 

hunt should focus on making residential homes less appealing to deer as daytime resting sites.  

Making residential areas less appealing to deer may result in deer remaining in green 

spaces throughout the day and night, providing managers with more opportunities to hunt them 

successfully. By reducing the likelihood that deer move into residential neighborhoods at dusk, 

deer may be easier to target, as step selection suggests they tend to take shorter steps during that 

period.   

There are several potential methods of making homes less attractive to white-tailed deer. 

The most obvious way to encourage the building of higher fences to prevent access to lawns. 

However, this is not always feasible, as fencing can be expensive, with the average cost in the 

United States ranging from $10 to $15 per meter (Parker et al. 2020). Additionally, white-tailed 

deer can jump over fences 2.3 to 2.4 meters high, so fencing will not always be effective 

(Vercauteren et al. 2010).  

Fortunately, there are cheaper and more accessible methods that the average homeowner 

can use to make their homes less attractive to deer. One method is to plant vegetation less 
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susceptible to deer browsing. This includes Sage (Salvia spp.), Common Thyme (Thymus 

vulgaris), Lavender (Lavandula spp.), and Purple coneflower (Echinacea purpurea) (Fernandez 

2021). Additionally, surrounding vegetation such as shrubs and small trees with mesh netting 

makes it more difficult for deer to browse (Iijima and Oka 2023). Lastly, several repellents could 

potentially work on white-tailed deer. A study of repellents on captive mule deer and elk 

revealed that 6.2% hot sauce, coyote urine, and Deer Away were all successful in repelling both 

mule deer and elk (Baker et al. 1999). By encouraging homeowners to use these less expensive 

deterrent methods, residential areas may become less appealing to white-tailed deer, which in 

turn could make deer easier to manage in the DMV.  

 Identifying areas with increased potential for disease transmission can help managers 

target deer in these high-risk zones. These zones can be identified by using the Resource 

Selection Strength scores for each covariate utilized in this step selection function. The RSS 

scores for covariates such as “Distance to Residential,” “Turf Density,” “Perimeter Area Ratio,” 

and others can be used to identify potential “hot spots” with the highest deer usage (Brown et al. 

2013). These “hot spots” could have the highest potential for zoonotic disease transmission, as 

deer may congregate in these areas (Brown et al. 2013). However, this information would be 

useful to deer managers, as they could identify these “hot spots” and concentrate their 

management efforts in these areas.  

 

Chapter 3: Human Foot Traffic on Trails and Its Impact on Wildlife 

In a rapidly urbanizing world, urban parks represent some of the few remaining patches 

of green space. Many urban parks are intended to provide public spaces for human interaction 

and outdoor enjoyment (Wilson and Xiao 2023). There are numerous benefits to visiting urban 
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parks. Studies have suggested that visiting and exercising in urban parks can improve both 

physical and mental health (Winkler et al. 2024). Social benefits include amenities such as 

playgrounds and outdoor events, which encourage social interactions (Winkler et al. 2024). 

Lastly, urban parks can provide economic benefits to surrounding communities through the 

previously mentioned outdoor events and visitor donations (Wilson and Xiao 2023). 

​ Studies have shown that a large percentage of the United States population frequents 

urban parks. A 2025 survey found that 227 million adults reported visiting a local park at least 

once (National Recreation and Park Association 2025). The same study also reported that the 

average number of local park visits was 16 per year (National Recreation and Park Association 

2025). The same survey revealed that 63% of people consider living within walking distance of a 

park important when choosing a neighborhood (National Recreation and Park Association 2025). 

This suggests that urban parks are highly valued by the public for the amenities and activities 

they offer. 

​ One of the most popular recreational activities in parks is utilizing trail systems. The 

main purpose of recreational trails in parks is to connect people to nature (Wang et al. 2022).  

According to the National Recreation and Park Association, 47% of people who visited a park in 

2025 reported walking on a trail (National Recreation and Park Association 2025). The primary 

reasons people use trails in urban parks are to connect with nature and engage in physical 

exercise (Wang et al. 2022). Interestingly, studies have suggested that additional 

non-environmental factors influence the trails people choose to traverse. One of these factors is 

proximity to the home (Wang et al. 2022). This suggests that people are more likely to use trails 

closer to their homes, most likely those within walking distance, compared to trails in parks 

farther away (Wang et al. 2022).  
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​ Currently, there are over 120,000 urban parks in the United States (Winkler et al. 2024). 

In the chosen study area, Montgomery County, Maryland, there are over 400 urban parks 

(Montgomery Parks 2025). These 400 parks cover a combined 34,000 acres of green space, 

which accounts for more than 10% of Montgomery County’s total landmass (Montgomery Parks 

2025). All four park types are present in Montgomery County, with the most common being 

small pocket parks and larger recreational parks (Montgomery Parks 2025). Montgomery 

County, in particular, is an interesting location to study the interactions between wildlife and 

humans on trails, as 25,000 acres of parkland are designated for ecological conservation 

(Montgomery County 2025). 

​ Humans are not the only ones who use urban parks; many wildlife species do as well. 

Studies have suggested that urban parks tend to have higher species richness compared to 

surrounding green spaces (La et al. 2023). Many mammalian wildlife species, such as 

White-tailed deer (Odocoileus virginianus), use urban parks as part of their home ranges (Grund 

et al. 2002). Often, wildlife use urban parks because they serve as “micro-habitats” that help 

them avoid the potential dangers of crossing heavily urban areas, such as vehicle collisions 

(Jackson and Fahrig 2013). This suggests that urban parks serve as refuges for wildlife. 

​ While urban parks benefit both humans and wildlife, potential conflicts can arise when 

they share the same green space. Studies have suggested that outdoor recreation has a direct 

impact on wildlife in urban parks (Nash 2021). One such impact is changes in behavior, which 

occur as wildlife attempt to avoid areas in urban parks that have high levels of human use (Nash 

2021). There are several documented cases of this type of behavior occurring. One study 

suggested that the presence of dogs on trails reduces small mammal activity in areas near trails 

(Nash 2021). Dog walking is a popular activity in urban parks, as many people take their dogs 
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there to get exercise for both themselves and their pets. Despite leash requirements in urban 

parks, many dogs are off-leash (Montgomery County Department of Parks 2025), leading to 

off-trail disturbance and potential harm to wildlife (Marion et al. 2024).  In addition to small 

mammals, ungulate species such as deer also appear to be directly affected by trail recreation. 

Studies have documented that ungulate species feeding on trails will move up to 100 meters 

away from the trail if they detect a human (Taylor and Knight 2003). It should be noted that deer 

and other mammalian species often use human-made trails to traverse urban parks, as these trails 

provide easier terrain than the surrounding landscape (Cao et al. 2025).  

​ Generally, the public does not perceive hiking as negatively impacting wildlife (Taylor 

and Knight 2003). Off-trail activity can significantly impact wildlife, as humans disturb them 

and move them away from their typical habitat (Coa et al. 2025). Additionally, traversing 

off-trail can lead to the trampling of flora species that wildlife may depend on. Lastly, people are 

not aware of the risks to themselves that can happen from leaving trails. People run the risk of 

tick-borne diseases from brushing against vegetation where ticks may be present. (Cao et al. 

2025). Additionally, there is an increased risk of harmful physical encounters with wildlife when 

animals are disturbed off-trail. 

​ The goal of this study is to better understand how wildlife are directly impacted by 

human recreation in urban parks by addressing the following research questions: 1) Does human 

recreation on trails affect the frequency of use by wildlife, and 2) Does human recreation on 

trails affect the timing of wildlife use of trails? With a better understanding of how trail 

recreation affects wildlife, more effective management and education can be implemented to 

raise awareness of environmentally safe recreational activities.  
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Methods 

Study Area 

​ This study took place in two large urban parks in Montgomery County, Maryland (Fig. 

3). The first was Cabin John Regional Park. Cabin John is located in Bethesda, Maryland, and is 

a continuously forested area protected to preserve the Cabin John Creek stream valley 

(Montgomery County 2000). Cabin John is approximately 530 acres in size, with 330 acres 

forested and the other 200 acres maintained as open areas or considered old-field habitat 

(Montgomery County 2000). Within Cabin John, there are 6 miles of trails and several amenities, 

including athletic fields, campgrounds, playgrounds, and picnic shelters (Montgomery County 

2000). 

​ The second park used in this study was Rock Creek Regional Park, located in Derwood, 

Maryland (Fig. 3). Rock Creek is much larger than Cabin John, covering over 1,800 acres and 

extending to the border between Montgomery County and the District of Columbia 

(Montgomery Parks 2025). Additionally, Rock Creek is more linear in shape than Cabin John. 

Rock Creek Park extends into D.C., but my study focused only on the Montgomery County side. 

Rock Creek Park features 13 miles of trails and several amenities, including athletic fields, 

playgrounds, and picnic shelters (Montgomery Parks 2025) (Figure 4).  

 

Trail Cameras 

​ To capture observations of both people and wildlife in Cabin John and Rock Creek, 50 

trail cameras were used. All cameras were Boly BG962-X36W cameras (Boly, Santa Clara, CA, 

USA), which had a range of 100 feet and were set to capture three consecutive photo bursts with 

zero-second time intervals (Boly, Santa Clara, CA, USA). Camera locations within each park 
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were generated by using the “Create Random Points” tool in ArcGIS to prevent location bias 

(Jamsa 2025) (Figure 5-6). Each location was scouted before camera placement to determine its 

suitability (Jamsa 2025). Cameras were mounted on the nearest tree to each randomly generated 

point, approximately 1 meter above the ground (Jamsa 2025) (Fig. 4). Studies show that urban 

park usage is highest in the summer, suggesting this may be a period with relatively high levels 

of wildlife avoidance of trails (McCormack et al. 2010), (Young et al. 2024).  Therefore, for this 

analysis, camera images from June 2023 to September 2023 were used to capture the seasonal 

periods when people are most active in parks  

 

Selected Species 

​ To investigate the relationship between human foot traffic on trails and mammalian 

wildlife, I chose four species for my analysis: White-tailed deer (Odocoileus virginianus), 

Raccoons (Procyon lotor), Red Foxes (Vulpes vulpes), and Coyotes (Canis latrans). These four 

species were selected to represent a gradient of responses to human influence, ranging from 

highly human-associated to minimally impacted species. In my study, coyotes are the most 

sensitive species to human activity, with studies showing that they restrict activity times in areas 

with high recreation (Marion et al. 2024). White-tailed deer and raccoons are the least sensitive 

to humans, as both species are commonly observed in urban areas with high human presence. 

Animals were analyzed independently, with unique models and datasets for each.​  

 

Analysis Methods 

​ I applied two analytical approaches to explore my hypothesis. First, I applied a Cox 

Proportional Hazard Model (Bradburn et al. 2003) to analyze the frequency of use following 
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human presence. Essentially, the result of the Cox Model, h(t), answers how quickly an animal 

will be observed on camera after a human is detected on the same camera.  The Cox Model is 

typically used to analyze survival time in medical research (Bradburn et al. 2003). It is a 

regression analysis model that investigates the relationship among an event index, a hazard 

function, and a set of covariates (Bradburn et al. 2003). The formula for the Cox Proportional 

Hazard Model is presented below: 

 ℎ(𝑡) =  ℎ₀(𝑡) × 𝑒𝑥𝑝{ 𝑏₁𝑥₁ +  𝑏₂𝑥₂ +  ⋯ +  𝑏ₚ𝑥ₚ } 

The hazard function at the time of t is denoted by .  The baseline hazard function (ℎ(𝑡)

 denotes the baseline hazard function, i.e., the hazard in the absence of any additional  ℎ₀(𝑡))

covariates. For my analysis, the baseline hazard is the probability that a human is observed on a 

trail camera. For my analysis, I created a baseline hazard defined as the detection of a human 24 

hours before an animal observation. Coefficients estimated by the model are represented by , 𝑏₁

, and , where p represents the total number of covariates. Predictor values are denoted as , 𝑏₂ 𝑏ₚ 𝑥₁

, and  (Bradburn et al. 2003). These predictor values are included to reflect how the hazard 𝑥₂ 𝑥ₚ

changes in relation to a specific covariate (Bradburn et al. 2003). ​Model coefficients are 

expressed as hazard ratios (exp(β)), where values greater than 1 indicate a faster return 

(increased detection rate), and values less than 1 indicate a delayed return, suggesting avoidance 

behavior (Bradburn et al. 2003). In this analysis, a human detection was the “hazard event.” Cox 

models were created for each of the four species analyzed.  

​ I applied a binomial Generalized Linear Mixed Model (GLMM) to assess whether daily 

wildlife detection rates on trail cameras were affected by human detections within the same day 

(24-hour period). A GLMM is a regression model that allows non-normal responses, e.g., 
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Poisson counts or logit probabilities (Bolker et al. 2009), and can include both fixed and random 

effects. The formula for the GLMM is  

, 𝑦 = 𝑋β + 𝑍𝑢 + ε
​ where  represents the fixed effects of my model, namely the landscape covariates 𝑋β

described in the following section. A random effect, denoted by , was included for camera ID 𝑍𝑢

to account for repeated observations within cameras and variation in detection across sites. 

Finally,  represents the random error of the GLMM and  represents the response variable, i.e., ε 𝑦

detections and non-detections for each of the four selected animal species.  

 

Landscape Covariates 

​ For both the Cox Model and the GLMM, I created a set of landscape covariates to 

account for potential influences of the surrounding environment on wildlife detections (Table 

15-16). I created three covariates based on distance to human travel corridors. First, I created a 

“Distance to Trail” covariate using line shapefiles of all trails in Montgomery County, clipped to 

park boundaries (M-NCPPC). I also included a second covariate, “Distance to Trailhead.” The 

reason I created a “Distance to Trailhead” covariate is to account for the increased number of 

people who are present at the start of trail systems. To define trailheads, I used data from the 

“Parks and Trails Atlas” web map for Montgomery County, from the Maryland-National Capital 

Park and Planning Commission. For my analysis, I chose only trailheads and residential 

neighborhood access points, as these would have the most human activity and serve as the 

entrances to many parks. For all covariates, I used a raster cell size of 10 meters to calculate 

distance. Finally, I created a covariate for “Distance to Road” using Topologically Integrated 

Geographic Encoding and Referencing (TIGER) Line Shapefiles of roads, created by the U.S. 
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Department of Commerce and the Census Bureau.  For all covariates, I used the Distance 

Accumulation tool in ArcGIS with a raster cell size of 10 meters to calculate the distance. 

I also created a group of covariates to describe aspects of the natural landscape. The first 

environmental covariate was “Percent Forest,” derived from the Chesapeake Bay Conservancy’s 

1-meter-resolution land-cover data. I reclassified the data to include all forest types and 

resampled the raster to 10-meter resolution. From the reprojected raster, I used the Focal 

Statistics tool with a 30-cell moving window. The reason for the 30-cell moving window was 

that the cameras had a detection range of 100 feet (~30 meters), and I wanted to capture only the 

immediate landscape around the camera. The second environmental covariate created was called 

“Percent Natural.” This covariate was created using the Chesapeake Bay Conservancy’s 

1-meter-resolution data, selecting all landscape types that could be considered natural habitat. 

This included any forest, natural succession, and wetland landscape categories. Just as with the 

“Percent Forest” covariate, I reprojected the data to a 10-meter scale; however, the moving 

window created with the Focal Statistics tool was 500 cells. This was intended to capture the 

surrounding landscape rather than just the immediate area around the camera. In this way, 

“Percent Forest” was used to describe why an animal visited the camera, and “Percent Natural” 

was used to describe why the animal was in the area to begin with.   

The last two environmental covariates created were “Slope” and “Ruggedness” to capture 

the topographical characteristics of an area. Areas with steeper slopes are generally less 

accessible to people, while rugged terrain may limit trail construction; both factors can 

independently contribute to reduced human presence. These covariates were created by using the 

Light Detection and Ranging (LIDAR) Digital Elevation Model (DEM) 1-meter dataset from 

Montgomery County (M-NCPPC 2023). For both covariates, the raster was reprojected to a 
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10-meter cell size. To calculate Slope and Ruggedness, I used the Slope tool with a 30-meter cell 

moving window to capture the immediate area around the camera.   

To ensure that there were no significant correlations among landscape covariates, a 

correlation analysis was conducted on all covariates. The results of the correlation analysis 

revealed that “Distance to Trailhead” and “Percent Natural” were correlated at -0.84. Despite the 

observed high correlation, both covariates were retained in the analysis, as they captured 

biologically important aspects of habitat use for the species analyzed. “Distance to Trailhead also 

had a correlation of -0.63 with “Ruggedness.” Percent Natural had correlations of 0.74 with 

“Distance to Road” and 0.64 with “Ruggedness.”  

 

Results 

Cox Model 

​ Results from the Cox model indicated that only one species exhibited a significant 

change in activity timing following human detection: the red fox (Table 18). Foxes returned to 

cameras sooner after a human was observed when cameras were located with higher percentages 

of forest cover (HR: 4.68, 95% CI: 1.44 - 15.20), and when cameras were located further away 

from trails (HR: 4.65, 95% CI: 1.32 - 16.43) and trailheads (HR: 5.42, 95% CI: 1.77 - 14.77) 

(Figure 7).  

 

Generalized Linear Mixed Model 

​ For the GLMM results, a base daily detection rate was calculated for each species. The 

base detection represents the probability of detecting a species without the influence of any 

additional covariates. White-tailed deer had the highest base detection with an odds of detection 
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of 10.11 (95% CI: 6.76 - 15.12). Next were raccoons with an odds of detection of 0.09 (95% CI: 

0.06 - 0.14). Then there were foxes with an odds of detection of 0.01 (95% CI: 0.00 - 0.13). Last 

were coyotes, with an odds of detection of 0.01 (95% CI: 0.00 - 0.02) (Table 19).  

Only two species showed significant decreases in the odds of detection following a 

human observation: deer and raccoons. If a human was observed, the odds of detecting a deer 

were 0.28 times the baseline odds (95% CI: 0.19 - 0.42) (Figure 8), and the odds of detecting a 

raccoon were 0.47 times the baseline odds (95% CI: 0.27 - 0.80) (Figure 9). The only other 

instances of an analysis species showing a significant change in detection probability in response 

to a covariate were raccoons with respect to slope and ruggedness. When the terrain was steeper, 

the odds of detecting a raccoon were 2.12 times the baseline odds (95% CI: 1.17 - 3.83) (Figure 

10). When the terrain was more rugged, the odds of detecting a raccoon were 0.48 times the 

baseline odds (95% CI: 0.26 - 0.89) (Figure 11).  

​  

Discussion 

Cox Model 

​ Red foxes returned to cameras more quickly the farther the camera was from a trail, when 

considering the first 24 hours after a human was observed. This aligns with other studies that 

show that some species select locations away from trails in urban parks (Marion et al. 2024). For 

“Distance to Trailhead,” foxes returned to cameras more quickly as the distance from the 

trailheads increased. Overall, these results suggest that Red foxes avoid anthropogenic features in 

urban parks. While foxes are accustomed to urban areas, they adjust their behavior in response to 

human presence (Kimmig 2021). Red foxes have been known to adjust their activity timing, 

movement patterns, and area use to avoid human activities (Kimmig 2021). This would explain 
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why foxes returned to cameras sooner when cameras were located farther from both trails and 

trailheads. They may be avoiding humans traversing parks and altering their behavior in response 

to human activity, as other studies have suggested (Marion et al. 2024).  

Additionally, foxes returned to cameras sooner in areas with high forest cover. This could 

suggest that Red foxes frequently use spaces in urban parks that are farther from anthropogenic 

features such as trailheads. Typically, higher forest cover is associated with park interiors 

(Steenberg et al. 2016). The edges of parks are typically more fragmented and often serve as 

habitat for near residential neighborhoods or as the starting and endpoints of trails (Steenberg et 

al. 2016). This is also supported by the fact that Red foxes returned to cameras sooner when 

cameras were located farther from trailheads, which were defined as either the trail starting point 

or residential access point.  
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Generalized Linear Mixed Model 

​ Both white-tailed deer and raccoons exhibited a decrease in detection probability within 

24 hours of a human being observed on camera. However, this pattern may be influenced by the 

fact that these two species had the most detections overall, making any change in detection 

probability more noticeable.  Decreased detection probabilities following human observations 

suggest that raccoons and deer exhibit short-term behavioral avoidance of trails, likely reducing 

their activity near trails immediately after human disturbance. This aligns with results from other 

studies suggesting that human recreation on trails leads wildlife species in urban parks to avoid 

these areas (Nash 2021; Taylor and Knight 2003). For “Slope,” raccoons had higher detection 

probabilities in areas with shallow terrain. Additionally, for the covariate “Ruggedness,” 

raccoons appeared to have higher detection probabilities in areas with less rugged terrain. 

Overall, these results suggest that raccoons prefer smoother terrain. Studies have revealed that 

raccoons prefer low-elevation habitats, such as wetlands (Milling and Gehrt 2023) and croplands 

(Cunze et al. 2023). Rock Creek Park has an extensive wetland habitat, which could explain why 

raccoons had higher detection probabilities in areas with shallower, less rugged terrain 

(Carruthers et al. 2009).  

40 



 

Another potential reason why raccoons may have increased detection probabilities is that 

they could be utilizing residential areas near urban parks. Studies have found that raccoons 

readily use residential areas and often exploit households for both food and shelter (Gross et al. 

2011). Rock Creek Park is surrounded by urban and suburban areas that provide abundant 

anthropogenic resources for raccoons to exploit (Anderson et al. 2002). Cabin John Local Park is 

also surrounded by highly residential areas (Montgomery County 2000). As residential areas are 

typically constructed on shallower terrain, this could be another explanation for why raccoons 

had higher detection rates in areas with less steep and less rugged terrain (Southern Tier Central 

Regional Planning and Development Board 2012).  

 

Management 

One key observation regarding how the selected wildlife species responded to the 

covariates was that the results from the Cox models suggested foxes returned to cameras sooner 

when more environmental and fewer anthropogenic covariates surrounded a camera. Foxes 

appeared to return to cameras sooner after a human was observed when cameras were farther 

from the trailhead. Foxes also returned to cameras sooner after a human was observed when 

cameras were farther from trails. Additionally, foxes returned to cameras sooner when located in 

areas with higher forest cover.  

What these relationships with both anthropogenic and environmental covariates suggest 

is that foxes prefer areas where they are less likely to encounter people. They appear to prefer 

areas farther from human-related features and more natural terrain. This explains why foxes 

appear to return to cameras sooner after a human is observed and have higher detection 

probabilities in more environmentally diverse landscapes.  
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This revelation highlights the issues of off-trail activity. If foxes are more comfortable in 

areas of parks farther from trails and other human-related features, people consistently venturing 

off-trail in parks could deter foxes from using those same areas. Studies have observed that foxes 

avoid areas with high levels of human recreation (Bandak et al. 2020). If these secluded park 

spaces become too heavily trafficked, foxes may move away from these areas. This could result 

in foxes being forced into more urban areas, leading to a variety of human-wildlife conflicts, 

including physical altercations, zoonotic disease risk, and vehicle collisions.  

One solution to this issue is to create wildlife conservation zones in parks. These 

conservation zones should essentially be roped or marked areas of parks that are designated to 

allow mesocarnivores, such as foxes, to function without human disturbance. This could also be 

beneficial to deer and raccoons, who showed decreased detection probabilities after human 

observation. Use of conservation zones is already a common practice in many parks, typically to 

protect fragile plants and other small organisms. Beyond designating specific areas as 

conservation zones, more signage should be implemented across parks to educate people about 

local wildlife use and discourage off-trail hiking.  
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Urban wildlife are typically nocturnal or crepuscular, making them most active in urban 

parks after public usage hours, which are often open from sunrise to sunset (Montgomery County 

Parks 2025). Still, some parks experience human usage at night or offer events. According to a 

survey conducted by the National Recreation and Park Association, 91% of residents are 

interested in attending nighttime park activities (National Recreation and Park Association 

2025). While these nighttime activities are typically performance events that occur near park 

entrances, many also take place on trails in wooded sections of parks, such as camping or 

specialized hiking tours. Montgomery County, in particular, offers a program called "Twilight 

Treks," which are tours on trails that allow participants to view the stars at night (Montgomery 

County Parks 2025). These activities can disturb wildlife active at night, further limiting hunting 

or foraging opportunities.  

 

Chapter 4: Conclusion 

As the United States population continues to grow, urbanization and its impacts on 

natural habitats are expected to increase. As urbanization increases, the amount of natural habitat 

decreases, directly impacting wildlife populations through habitat loss and fragmentation. Urban 

parks help remedy this issue by creating “micro-habitats” that humans and wildlife often utilize. 

However, human activities such as hiking and dog walking along trails in these urban parks can 

negatively affect wildlife, potentially displacing animals into surrounding residential areas. 

Although certain wildlife species can successfully use urban resources, human tolerance 

of such use is often low for other species. As more wildlife enter and use urban spaces, they 

come into contact with humans more frequently, which often results in negative interactions 

known as human-wildlife conflicts. Human–wildlife conflicts can come in many forms, but 
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among the most impactful are property damage and the transmission of zoonotic diseases. If 

wildlife utilize residential areas more frequently, the likelihood of these human-wildlife conflicts 

may increase.  

White-tailed deer are among the most frequent contributors to human–wildlife conflicts 

across the United States. Between the decline of hunting and the widespread removal of natural 

predators, white-tailed deer no longer experience consistent population regulation in urban and 

suburban areas, aside from management-based culling. As a result, deer populations have 

increased rapidly across much of the United States, leading to more vehicle collisions, garden 

damage, and heightened risk of zoonotic diseases. This is why the goals of my study were to 

describe white-tailed deer movement through urban landscapes and its relationship to zoonotic 

disease risks, and to investigate how human use of parks and trails impacts the movement and 

behavior of wildlife in urban parks.  

Using GPS-collared white-tailed deer across the DC metropolitan area and analyzing 

movement with step-selection functions and Brownian bridge movement models, I found that 

deer strongly select areas near residential homes in urban environments. Additionally, I found 

that deer strongly select areas with high densities of low vegetation, often associated with 

residential lawns. Together, these findings suggest that deer actively use residential areas, likely 

using residential lawns as foraging habitat. With deer using these spaces, there is an increased 

risk of zoonotic disease spread between deer and humans. One such disease is SARS-CoV-2, for 

which 13 collared deer tested positive. To mitigate the risk of zoonotic disease spillover, the key 

to successful urban deer management may be making residential areas less appealing to deer. 

Strategies to reduce the attractiveness of residential areas to deer include planting deer-resistant 

vegetation, installing taller fencing, and using repellents. These strategies may promote increased 
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use of urban parks by deer. 

To investigate the effects of human activity on wildlife in urban parks, I used Cox 

proportional hazards models and generalized linear mixed models to assess how human foot 

traffic and landscape covariates influenced the timing and daily detection of wildlife. I selected 

four species for analysis: red foxes, coyotes, raccoons, and white-tailed deer. The results from the 

generalized linear mixed models indicate that raccoons and deer have lower detection 

probabilities within 24 hours of a human being observed on camera. The results from both Cox 

models suggested that red foxes returned to cameras sooner when more environmental and fewer 

human-related covariates surrounded a camera. These relationships with both anthropogenic and 

environmental covariates suggested that foxes preferred areas farther from human-related 

features and had more natural terrain. If these less human-disturbed spaces become too heavily 

trafficked, wildlife may move out of urban parks and into more residential areas, leading to a 

variety of human-wildlife conflicts. One solution to this issue is to create wildlife conservation 

zones in parks. These conservation zones could essentially be areas within parks designated to 

allow wildlife to function without human disturbance. Accordingly, management efforts should 

aim to make residential areas less attractive to species such as white-tailed deer, while improving 

the quality and availability of natural habitats for species such as red foxes.  
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Tables 

Table 1. Summary of trapping locations used for the capture of white-tailed deer across the D.C. 

Metropolitan area, including park region, park size, total number of deer captured, and the 

number of deer collared.  

 

Trapping Site Region Size (ha) # of Deer 
Captured 

# of Deer 
Collared 

Fort Dupont Park District of Columbia ~ 161.9 6 3 

Fort Slocum Park District of Columbia ~ 8.1 4 2 

Kenilworth Park District of Columbia ~ 283.3 3 3 

Old Soldier's Memorial 
Home 

District of Columbia ~ 110.1 8 6 

Peirce-Klingle Estate District of Columbia ~ 33.2 2 1 

Rock Creek Park District of Columbia ~ 709.8 3 2 

West Campus Solar 
Array 

District of Columbia ~ 10.1 6 5 

Meadowbrook Local 
Park 

Montgomery County ~ 6.7 2 2 

Nolte Local Park Montgomery County ~ 6.6 3 3 

Randolph Hills Local 
Park 

Montgomery County ~ 7.3 11 6 

Westmoreland Hills 
Local Park 

Montgomery County ~ 10.1 6 3 

Chillum Park Prince George's County ~ 6.9 2 2 

Colmar Manor 
Community Park 

Prince George's County ~ 48.6 1 1 

    Totals 57 39 

 

46 



 

Table 2. Summary of environmental covariates used in step-selection analysis of white-tailed 

deer movement, including data source, original spatial resolution, reprojected raster cell size, and 

moving-window size used.  

 

Covariate Source Resolution 
(m) 

Scale  
(M) 

Moving 
Window 
(radius, m) 

Models 

Distance to 
Water 

Chesapeake 
Conservancy 

1 10 NA (distance 
raster) 

Environment 
and Global 

Distance to 
Residential 

Federal Emergency 
Management 
Agency 

NA (polygon 
layer) 

10 NA (distance 
raster) 

Development 
and Global 

Distance to 
Traffic 
Corridor 

Maryland 
Department of 
Transportation 

NA (line 
layer) 

10 NA (distance 
raster) 

Transport 

Road Density Maryland 
Department of 
Transportation 

NA (line 
layer) 

10 100 Transport and 
Global 

Turf Density Chesapeake 
Conservancy 

1 10 100 Environment 
and Global 

Building 
Density 

Federal Emergency 
Management 
Agency 

NA (polygon 
layer) 

10 100 Development 
and Global 

Perimeter Area 
Ratio of Forest 

Chesapeake 
Conservancy 

1 10 100 Environment 
and Global 

Percent Forest 
Cover 

Chesapeake 
Conservancy 

1 10 100 Environment 
and Global 

Median 
Household 
Income 

U.S. Census Bureau NA NA 
(polygon 
attribute) 

NA (polygon 
attribute) 

Development 
and Global 
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Table 3. Summary statistics (minimum, maximum, mean, and standard deviation) for covariates 
used in the analysis. 
 

Covariate Min Max Average SD 

Distance to Water 0.00 2024.08 542.46 434.83 

Distance to Residential 0.00 1993.79 159.27 168.44 

Distance to Traffic Corridor 0.00 2030.39 318.82 247.38 

Road Density 0.00 2660.07 998.79 361.19 

Turf Density 0.00 0.92 0.26 0.22 

Building Density 0.00 0.62 0.07 0.07 

Perimeter Area Ratio of Forest 0.00 4000.00 2473.72 1079.86 

Percent Forest Cover 0.06 0.77 0.24 0.10 

Median Household Income 30365.00 250000.00 173151.00 65017.25 
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Table 4. Summary of GPS-collared deer included in the study, including deer identification 

number, collar identification number, number of days transmitting location data, estimated body 

mass, and estimated age at capture.  

 

Animal_ID Collar_ID # of Days Active Estimated Weight Estimated Age 

green_51 101834 531 140 2 

green_57 100677 569 150 3 

green_59 100692 674 150 2.5 

green_62 100690 87 90 1.5 

green_64 100691 232 170 2.5 

green_71 203530 587 85 4 

green_72 101769 579 100 3 

green_75 101764 596 120 2.5 

or_001 100689 152 175 2.5 

or_002 100674 306 115 2 

red_126 100684 583 160 4 

red_127 100689 75 200 4 

red_129 101835 298 110 2 

red_132 100685 581 150 1.5 

red_134 101830 172 130 5 

red_137 100681 200 90 1.5 

red_138 101757 373 100 1.5 

red_139 101832 177 110 2.5 

red_141 100683 388 150 2 
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red_149 101763 201 50 1.5 

red_150 101752 287 150 5 

yellow_101 101833 145 160 1.5 

yellow_102 101762 245 115 1.5 
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Table 5. Mortality information for GPS-collared deer, including deer identification number, date 

of capture, capture location, date of death, and suspected cause of mortality.   

     

Animal_ID Capture_Da
te 

Capture_Site Deceased_Da
te 

Suspected Cause 

green_62 1/31/2024 Westmoreland Park 4/27/2024 Vehicle Collision 

red_131 3/20/2024 Old Soldier's 12/30/2024 Unknown 

red_150 1/2/2025 West Campus  1/2/2025 Poached 

red_134 1/28/2025 Old Soldier's 2/11/2025 EHD 

orange_125 3/17/2025 Fort Dupont 3/20/2025 Unknown 

red_139 2/4/2025 Rock Creek Stable 8/14/2025 EHD 

yellow_102 12/4/2024 Chillum Park 8/25/2025 EHD 

or_001 3/13/2025 Fort Slocum 8/26/2025 EHD 

red_149 1/27/2025 West Campus  8/30/2025 Unknown 

green_51 3/5/2024 Meadowbrook Park 9/1/2025 EHD 

red_137 2/26/2025 Fort Slocum 9/28/2025 EHD 

red_129 1/14/2026 Fort Dupont 1/13/2026 Culled by the 
National Park 
Service 

orange_002 1/15/2026 Kenilworth Park 1/14/2026 Culled by the 
National Park 
Service 
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Table 6. Seasonal home range estimates for GPS-collared deer, including 50% core home range 

and 95% home range isopleths (ha), and the number of deer included in each seasonal 

calculation.  

 

Season 50% Isopleth  95% Isopleth # of Deer 

Spring 4.56 41.01 15 

Summer 3.68 25.58 15 

Fall 4.72 32.20 12 

Winter 3.99 36.47 15 

Annual 4.23 33.80 12 
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Table 7. Model selection results for step selection function (SSF) models for Spring. Five 

candidate models (“Null,” “Environment,” “Development,” “Transportation,” and “Global”) 

were evaluated independently. Model fit is summarized using the number of parameters (K), 

Corrected Akaike’s Information Criterion (AICc), and ΔAIC. 

 

Model K AICc Delta_AIC 

Global 35 17129.81 0 

Development 20 17584.36 454.56 

Environment 24 19342.85 2213.04 

Roads 19 19632.37 2502.56 

Null 10 20071.26 2941.45 
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Table 8.  Model selection results for step selection function (SSF) models for Summer. Five 

candidate models (“Null,” “Environment,” “Development,” “Transportation,” and “Global”) 

were evaluated independently. Model fit is summarized using the number of parameters (K), 

Corrected Akaike’s Information Criterion (AICc), and ΔAIC. 

 

Model K AICc Delta_AIC 

Global 35 18007.93 0 

Development 20 18590.11 582.17 

Roads 19 20066.80 2048.86 

Environment 24 20381.11 2373.17 

Null 10 20733.17 2725.23 
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Table 9.  Model selection results for step selection function (SSF) models for Fall. Five candidate 

models (“Null,” “Environment,” “Development,” “Transportation,” and “Global”) were 

evaluated independently. Model fit is summarized using the number of parameters (K), Corrected 

Akaike’s Information Criterion (AICc), and ΔAIC. 

 

Model K AICc Delta_AIC 

Global 35 10289.10 0 

Development 20 10663.68 374.58 

Environment 24 11681.98 1392.87 

Roads 19 11979.10 1690.00 

Null 10 12245.23 1956.13 
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Table 10.  Model selection results for step selection function (SSF) models for Winter. Five 

candidate models (“Null,” “Environment,” “Development,” “Transportation,” and “Global”) 

were evaluated independently. Model fit is summarized using the number of parameters (K), 

Corrected Akaike’s Information Criterion (AICc), and ΔAIC. 

 

Model K AICc Delta_AIC 

Global 35 18842.58 0 

Development 20 19537.36 694.77 

Roads 24 21455.82 2613.23 

Environment 19 21519.60 2677.015 

Null 10 21875.14 3032.56 
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Table 11. Step selection function (SSF) results showing resource selection strength for all 

covariates included in the global model. Values are presented as exponentiated coefficients where 

values > 1 indicate selection and values < 1 indicate avoidance. Confidence intervals (95%) are 

provided to assess uncertainty. 

 

Covariate Estimate (�) Std. 
Error 

RSS 

Building Density -0.38 0.01 0.68 (0.66–0.7) 

cosine of Turning Angle -0.87 0.01 0.42 (0.41–0.43) 

Distance to Residential -2.06 0.11 0.13 (0.1–0.16) 

Distance to Water 0.05 0.01 1.05 (1.02–1.08) 

Percent Forest Cover 0.05 0.02 1.05 (1.–1.09) 

Median Household Income -0.37 0.01 0.69 (0.68–0.71) 

Log of Step Length -0.10 0.01 0.91 (0.89–0.92) 

Perimeter Area Ratio of Forest -0.33 0.02 0.72 (0.7–0.74) 

Road Density -0.34 0.02 0.71 (0.69–0.73) 

Turf Density 0.12 0.03 1.12 (1.06–1.19) 
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Table 12. Relative contribution of environmental covariates included in the step-selection model 

that includes McFadden’s pseudo-R² values and the proportional contribution of each covariate 

to overall model performance. 

 

Covariate  McFadden R² Proportion of Effect 

Step Length 0.27 0.58 (58.5%) 

Distance to Residential 0.08 0.17 (17.0%) 

Turning Angle 0.06 0.13 (13.3%) 

Median Household Income 0.02 0.04 (4.0%) 

Building Density 0.01 0.027 (2.7%) 

Perimeter Area Ratio 0.01 0.022 (2.2%) 

Road Density 0.007 0.016 (1.6%) 

Turf Density 0.003 0.007 (0.7%) 

Distance to Water 0.000 0.004 (0.04%) 
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Table 13. Estimated effects of time on day on deer Step Length, Distance to Residential Areas, 

and Turf Density. Values are coefficient estimates for each covariate with 95% confidence 

intervals. 

 

Time Step Length Distance to Residential Turf Density 

0:00 - 03:00 0.91 (0.89–0.92) 0.13 (0.1–0.16) 1.12 (1.06–1.19) 

03:00 - 06:00 1.02 (0.99–1.04) 0.72 (0.53–0.98) 1.1 (1.02–1.18) 

06:00 - 09:00 0.99 (0.97–1.01) 0.71 (0.52–0.96) 1.09 (1.01–1.17) 

09:00 - 12:00 0.98 (0.96–1.01) 0.61 (0.44–0.83) 0.94 (0.87–1.01) 

12:00 - 15:00 0.98 (0.95–1.) 0.82 (0.61–1.1) 0.93 (0.87–1.01) 

15:00 - 18:00 1. (0.97–1.02) 0.78 (0.58–1.04) 0.84 (0.78–0.91) 

18:00 - 21:00 1.02 (0.99–1.04) 1.04 (0.79–1.37) 0.74 (0.68–0.8) 

21:00 - 24:00 1.01 (0.99–1.04) 0.98 (0.75–1.29) 0.77 (0.71–0.83) 
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Table 14. Summary of positive SARS-2-CoV results grouped by disease test. Note: PCR stands 

for Polymerase Chain Reaction, and sVNT stands for Surrogate Virus Neutralization Test.  

 

Sample 
Method 

PCR 
Oral 

PCR 
Nasal 

Nobuto 
Omicron 

Nobuto 
Wildtype 

sVNT 
Omicron 

sVNT 
Wildtype 

Culled Deer 
(149) 

6 9 5 12 1 2 

Collared 
Deer (41) 

0 0 5 5 5 7 

Total Results 
(190) 

6 9 10 17 6 9 
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Table 15. Summary of environmental covariates used in Cox models and Generalized Linear 

Mixed models, including data source, original spatial resolution, reprojected raster cell size, and 

moving-window size used.  

 

Covariate Source Resolution (m) Scale 

(m) 

Moving Window 

(radius, m) 

Distance to Trail M-NCPPC NA 10 NA (distance raster) 

Distance to 

Trailhead 

M-NCPPC NA 10 NA (distance raster) 

Distance to Road U.S. Census Bureau NA 10 NA (distance raster) 

Percent Forest Chesapeake Bay 

Conservancy 

1 10 100 

Percent Natural  Chesapeake Bay 

Conservancy 

1 10 500 

Ruggedness M-NCPPC 1 10 30 

Slope M-NCPPC 1 10 30 
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Table 16. Summary statistics (minimum, maximum, mean, and standard deviation) for covariates 

used in the analysis. 

 

Covariate Min Max Avg SD 

Distance to Trail 10.00 278.93 61.54 58.99 

Distance to 

Trailhead 

41.23 1034.07 457.95 266.40 

Distance to Road 10.00 464.87 152.58 91.96 

Percent Forest 0.28 0.95 0.60 0.13 

Percent Natural 0.25 0.31 0.29 0.02 

Ruggedness 1.61 11.81 7.03 2.12 

Slope 
  

0.19 19.40 7.54 5.69 
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Table 17. Wildlife detection events recorded by trail cameras within 24 hours following human 

detections in study areas. For each species, the table reports the number of events, sample size 

(N), and event rate for each time window.  

 

Species 24hr Events N Event Rate 

White-tailed 

Deer 

158 213 55.90% 

Red Fox 31 282 7.40% 

Raccoon 26 279 4.70% 

Coyote 8 281 2.80% 
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Table 18. Hazard ratio estimates with 95% confidence intervals from Cox proportional hazards 

models evaluating the influence of environmental covariates on wildlife detections within 24 

hours following a human detection.  

 

Covariate Coyote Raccoon Fox Deer 

Distance to Trail 0.9  

(0.14–5.91) 

0.43 

(0.05–3.68) 

4.66 

(1.32–16.43) 

1.35 

(0.78–2.32) 

Distance to Trailhead 2.47  

(0.44–14.01) 

0.95 

(0.31–2.94) 

5.42 

(1.77–16.54) 

0.92 

(0.52–1.64) 

Distance to Road 6.15 

(0.23–161.48) 

3.2 

(0.56–18.26) 

2.3  

(0.83–6.35) 

0.58 

(0.27–1.24) 

Percent Forest 1.19 

 (0.33–4.25) 

0.84 

(0.21–3.38) 

4.68  

(1.44–15.2) 

1.71  

(0.9–3.25) 

Percent Natural 0.21  

(0.01–7.14) 

1.28 

(0.19–8.53) 

3.44 

(0.32–36.53) 

0.83 

(0.41–1.68) 

Ruggedness 1.61  

(0.17–15.47) 

0.61  

(0.2–1.89) 

0.27  

(0.06–1.28) 

1.49 

(0.84–2.65) 

Slope 1.13  

(0.24–5.29) 

0.73  

(0.2–2.73) 

1.81  

(0.72–4.56) 

0.51 

(0.26–1.02) 
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Table 19. Odds ratios (95% confidence intervals) from binomial generalized linear mixed models 

(GLMMs) showing baseline detection and changes in detection following human presence for 

each species. Values represent the relative odds of detection, where values < 1 indicate decreased 

detection following human activity.  

 

Covariate Coyote Raccoon Fox Deer 

Base Detection 0.01 
(0.01–0.02) 

0.09 
(0.06–0.14) 

0.01 
 (0–0.13) 

10.11 
(6.76–15.12) 

After Human 
Observation 

0.92 
(0.38–2.23) 

0.47 
(0.28–0.8) 

0.62 
(0.35–1.09) 

0.28 
 (0.19–0.43) 

Distance to Trail 0.78 
(0.34–1.81) 

1.03 
(0.56–1.89) 

0.71 
(0.26–1.88) 

1.32 
 (0.74–2.35) 

Distance to Trailhead 1.79 
(0.88–3.66) 

0.96 
(0.56–1.65) 

1.19  
(0.6–2.35) 

1.19  
(0.71–1.97) 

Distance to Road 0.99 
(0.51–1.91) 

1.25 
(0.74–2.11) 

1.16 
(0.61–2.23) 

0.97  
(0.6–1.59) 

Percent Forest 0.88 
(0.45–1.73) 

0.92 
(0.55–1.55) 

0.76 
(0.39–1.46) 

1.14  
(0.7–1.85) 

Percent Natural 0.75 
(0.31–1.81) 

0.9  
(0.48–1.7) 

4.82 
(0.68–34.23) 

0.77 
(0.42–1.39) 

Ruggedness 1.76 
(0.77–4.03) 

0.48 
(0.26–0.89) 

0.79 
(0.37–1.69) 

1.59  
(0.89–2.84) 

Slope 0.86 
(0.4–1.83) 

2.12 
(1.17–3.83) 

1.76 
(0.69–4.47) 

0.65  
(0.37–1.15) 

 
 

 

 

 
 

65 



 

Figures 

 

Figure 1. Map of Maryland with counties/regions of study highlighted (Montgomery County, 
Prince George’s County, and Washington, D.C.) 
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Figure 2. Seasonal and annual home range sizes estimated using Brownian Bridge Movement 

Models (BBMM). Bars represent the mean home range area (ha) at the 50% (core use) and 95% 

(overall use) isopleth levels for winter, spring, summer, fall, and annual periods. 
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Figure 3. Effects of landscape and movement covariates on deer step selection from the global 

model. Points represent exponentiated coefficients, and horizontal bars indicate 95% confidence 

intervals. Values greater than 1 indicate selection, whereas values less than 1 indicate avoidance. 

The dashed vertical line at 1 represents no effect. Covariates are grouped into habitat, movement, 

and urban categories. 
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Figure 4. Map of the study area that shows the locations of the two urban parks used in the study 

area within Montgomery County, Maryland 
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Figure 5. Locations of trail cameras deployed within the Cabin John Local Park used to monitor 

wildlife and human activity during the study period.  
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Figure 6. Locations of trail cameras deployed within the Rock Creek Park used to monitor 

wildlife and human activity during the study period.  
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Figure 7. Coefficient estimates (± 95% confidence intervals) from a Cox proportional hazards 

model assessing the influence of environmental covariates on the time to red fox detection 

following human activity. Positive coefficients indicate an increased hazard of detection (shorter 

time to detection), whereas negative coefficients indicate a decreased hazard (longer time to 

detection). The dashed vertical line denotes no effect.  
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Figure 8. Predicted daily detection probability of white-tailed deer in relation to same-day human 

detection, estimated using a binomial generalized linear mixed model (GLMM). Human 

presence was treated as a binary predictor (absent vs. present), and camera ID was included as a 

random intercept to account for repeated measures across sampling locations. Points represent 

model-predicted probabilities, and error bars indicate 95% confidence intervals.  
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Figure 9. Predicted daily detection probability of raccoons in relation to same-day human 

detection, estimated using a binomial generalized linear mixed model (GLMM). Human 

presence was treated as a binary predictor (absent vs. present), and camera ID was included as a 

random intercept to account for repeated measures across sampling locations. Points represent 

model-predicted probabilities, and error bars indicate 95% confidence intervals.  
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Figure 10. Predicted daily detection probability of raccoons across a standardized gradient of 

terrain slope, estimated using a binomial generalized linear mixed model (GLMM). Camera ID 

was included as a random intercept to account for repeated sampling at individual camera 

locations. The solid line represents model-predicted probabilities, and the shaded ribbon 

indicates 95% confidence intervals. All continuous covariates were standardized prior to 

analysis.  
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Figure 11. Predicted daily detection probability of raccoons across a standardized gradient of 

terrain ruggedness, estimated using a binomial generalized linear mixed model (GLMM). 

Camera ID was included as a random intercept to account for repeated sampling at individual 

camera locations. The solid line represents model-predicted probabilities, and the shaded ribbon 

indicates 95% confidence intervals. All continuous covariates were standardized before analysis.  
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