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Disturbance from human presence can cause changes in wildlife behavior, physiology, and fitness. Wildlife in conservation areas that also serve as recreational areas for people are especially vulnerable to these disturbances. Animals may avoid human presence spatially, by moving to new locations, or temporally, by becoming more active when human activity is low. We examined spatial and temporal changes to mammal occupancy (interpreted as site use) and detection probability at Hawk Mountain Sanctuary (HMS), a raptor sanctuary that provides both wildlife conservation and hiking trails. We placed 12 camera traps at random locations throughout the sanctuary and nearby Acopian Center, capturing images from March to November 2022. We used the distances to trails and roads as covariates representing human presence, time of day (dawn, day, dusk, or night) to estimate temporal response, and distance to streams and elevation as environmental covariates that can affect site use. Fifteen mammal species were detected over 2,837 trap nights. Bobcat (Lynx rufus) were the only species to show potential spatial avoidance of humans by avoiding roads, while no species showed temporal avoidance. Time of day affected detection probability for most species but aligned with each species’ expected diel patterns. These results suggest that mammals at HMS are not shifting their behavior to avoid trails and roads. Despite the potential for human-wildlife conflict in a multiple-use conservation area, this study demonstrates that managers can be successful at balancing recreational opportunities for people with maintenance of diverse wildlife.
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1 Introduction

Wildlife habitat is increasingly being negatively affected by human activities, necessitating conservation action to prevent biodiversity loss (Ellis, 2011; Lovejoy, 2016). One approach to conserve nature is the establishment of protected areas, defined as a clearly defined geographical space, recognized, dedicated and managed, through legal or other effective means, to achieve the long-term conservation of nature with associated ecosystem services and cultural values (Dudley and Stolton, 2008). Protected areas vary in their goals and levels of protection, from wilderness areas that seek to minimize human disturbance to areas that allow limited natural resource extraction (Dudley and Stolton, 2008; Stamper et al., 2013; Dietz et al., 2020). In the United States, various public and privately held lands are considered protected areas, including National Parks and National Wildlife Refuges, numerous state-run parks, and wildlife sanctuaries (Mockrin et al., 2018; Dietz et al., 2020). Many of these sites allow human recreation, including hiking, camping, and swimming, among other activities (Marion et al., 2016; Pegler et al., 2024; Van Deursen et al., 2024). While resource extraction is typically prohibited in these areas, these recreational activities invariably still reduce the availability of their natural resources (Marion et al., 2016). This can have an adverse impact on wildlife, causing physiological and reproductive changes, negative shifts in abundance or occupancy, and changes in community composition (Larson et al., 2016; Chen et al., 2022). How wildlife responds to human disturbance in a protected area is an important and understudied issue, especially as the popularity of outdoor recreation in the United States and the amount of land dedicated to recreation increase (Larson et al., 2016; Nickel et al., 2020).

Animal response to human disturbance has been shown to depend on the duration and consistency of the disturbance (Gaynor et al., 2018; Nickel et al., 2020). Many mammal species view humans with fear, which can have negative effects across trophic levels through altered predator-prey relationships (Gaynor et al., 2018; Suraci et al., 2019; Nickel et al., 2020; Murphy et al., 2021). Temporal response to human disturbance varies by species and the nature of the disturbance (Lewis et al., 2021). Normally diurnal or crepuscular species may shift towards nocturnality when human presence is high (Gallo et al., 2022). For an animal that is not adapted to nighttime activity, this can disrupt foraging and predator avoidance behaviors (Gaynor et al., 2018). Carnivores are more likely to increase nocturnality in developed areas (Rivera et al., 2022). When predators become more nocturnal, prey species respond with increasing diurnal activity (Gallo et al., 2022). Gallo et al. (2022) found decreased nocturnality with increases in urbanization among raccoons (Procyon lotor), eastern cottontails (Sylvilagus floridanus), and white-tailed deer (Odocoileus virginianus), while Virginia opossums (Didelphis virginiana) increased nocturnal activity. Spatially, some ungulates have been shown to prefer areas close to people, using their presence as a “human shield” against carnivores (Shannon et al., 2014; Suraci et al., 2019; Gaynor et al., 2021). Kautz et al. (2022) showed that female white-tailed deer increased use of sites near roads during the summer, reducing fawn predation. Elk (Cervus canadensis) density in Banff National Park was higher in areas where human development displaced wolves (Canis lupus) than in areas with less people and more wolves (Hebblewhite et al., 2005).

This study examines spatiotemporal responses to human presence via avoidance of roads and trails by mammals in a wildlife sanctuary that also serves as a recreational area. We do this by estimating occupancy, the proportion of sites occupied by a species (MacKenzie et al., 2002), and detection probability, the likelihood that a species will be detected at a site it occupies, of medium to large terrestrial mammals in the sanctuary. Since we cannot assume independence between sites, particularly for wide-ranging species in our study (e.g. coyotes; Canis latrans), we are interpreting the occupancy parameter as site use, or the probability that a site was used by the species at least once within the time period surveyed (MacKenzie and Royle, 2005). We hypothesized that sites farther from trails and roads would have higher use, and that sites closer to trails and roads would receive higher use during the night compared to the day. We also expected that other site-specific and survey-specific environmental factors, including proximity to streams, elevation, precipitation, and temperature, will have varying effects on the targeted species. This study contributes to our understanding of human-wildlife coexistence in a conservation setting, as well as demonstrates the use of time of day in occupancy modeling.




2 Method



2.1 Study area

Hawk Mountain Sanctuary (HMS) is a private 2,600-acre raptor sanctuary located on the Kittatinny Ridge, the southernmost ridge in the Ridge and Valley Physiographic Province in Berks and Schuylkill Counties, Pennsylvania (Hawk Mountain Sanctuary, 2025; Figure 1). It is predominantly mixed oak forest with small areas of conifer cover, open meadow, and rock scree (Hawk Mountain Sanctuary, 2017). Elevation ranges from 152–463 m above sea level. Over the course of this study, the monthly average low temperature ranged from 3.4°C in March to 20.2°C in July, and the monthly average high temperature ranged from 13°C in March to 30.5°C in August. Average monthly precipitation ranged from 40.4 mm in August to 110.9 mm in May. The regional landscape is highly fragmented due to agricultural and ongoing development pressures in the valley bottomlands; however, the Sanctuary is within one of the largest blocks of contiguous forest (approx. 6000 ha) in southeastern Pennsylvania. The human population of the surrounding counties is approximately 573,000 people with a 12% poverty rate and $67,000 - $78,000 median income (DataUSA, 2025a, b).

[image: Map of Hawk Mountain Sanctuary with camera locations marked as red points. Black lines indicate roads, green lines show trails (with dashed green lines representing restricted access trails), and blue lines represent streams. An inset map shows the sanctuary's location in Pennsylvania relative to neighboring states. A legend explains symbols, including paved roads, trails, streams, and parking and visitor centers. The sanctuary area is outlined in red, with the Acopian Center marked. Contour lines indicate terrain elevation.]
Figure 1 | Map of Hawk Mountain Sanctuary and the nearby Acopian Center with the locations of cameras and relevant environmental features. Inset: location of study area (red polygon) within Pennsylvania, USA.

Hawk Mountain’s mission is to conserve birds of prey worldwide by providing leadership in raptor conservation science and education, and by maintaining HMS as a model observation, research, and education facility. Since its founding in 1934, the Sanctuary property has been maintained as a relatively untouched preserve with regards to development and timber management, though it is split by a paved road. Although human influence has been minimized, the Sanctuary actively manages non-native invasive plants and white-tailed deer populations. Approximately 60,000 people visit the sanctuary each year to use the 13 km of hiking trails (Hawk Mountain Sanctuary, 2025). While the majority of trail use occurs from September through November, hiking trails are utilized throughout the year. The trails are open daily from dawn to dusk. The nearby Acopian Center is located at the base of the mountain and includes a mixture of open fields and small patches of forest, which are not open to the public. There are an additional 4.2 km of restricted access trails throughout the Sanctuary that are used by park managers and researchers to more easily access the forest interior.




2.2 Image collection and processing

We divided the sanctuary into grids and placed one camera at a randomly chosen location within 15 grids (Stevens and Olsen, 2004). Three cameras failed, leaving us with 12 sites for this study. Each site was at least 470 m away from any other site (x̄ = 807 m). Cameras (Dark Ops HD Apex motion-sensing camera, Browning, Birmingham, AL, USA) were placed in March 2022 (Figure 1). We set cameras on trees 0.2 to 0.6 m above the ground and facing north to optimize detection of the targeted species (Sunarto et al., 2013). If terrain did not allow a camera to face north, the camera faced south instead. Eleven of the sites were forested and one site was in a meadow adjacent to sanctuary buildings at the Acopian Center, which still experienced human activity from sanctuary staff and the nearby road. The delay period was set to one second, and only one image was taken with each trigger. Lures or bait were not used to avoid biasing detections (Rocha et al., 2016). We visited cameras every 3–4 months to exchange SD cards and trim surrounding vegetation.

Cameras were active from 14-Mar-2022 to 23-Nov-2022, resulting in 97,691 images across 2,837 trap-nights (Supplementary Material 1). We processed images using Camelot Open-Source Camera Trap software (Hendry and Mann, 2017). Each image was labeled according to the species or object it contained. For each species, we developed encounter histories by pooling detections into 6-day survey periods, which reduces the number of non-detections in the dataset to improve statistical power (Erb et al., 2012; Gray, 2012; Cid et al., 2013; Tobler et al., 2015). Before pooling detections, each day was first divided into four groups based on the time of day (diel period; see below); thus our encounter histories for all species included 168 survey periods, where a detection was recorded for a survey if there was at least one capture of the species during that survey period (Supplementary Material 2).




2.3 Statistical analysis

We used single-species single-season occupancy models (MacKenzie et al., 2006) to estimate probability of site use during the season (ψ) and detection probability (p) for each identified mammal species using the PRESENCE occupancy software (Hines, 2006). Because closure is unlikely for the wide-ranging species in our study, our estimate of site use is likely larger than true occupancy (proportion of an area where a species occurs; MacKenzie and Royle, 2005). We find this acceptable because our objective was to determine whether the mammal species inhabiting our study area are avoiding trails and roads and not to explicitly estimate occupancy.

We included the distance to the nearest trail (including restricted access trails) (trail), distance to the nearest paved road (road), distance to the nearest stream (stream), and elevation (elev) as environmental covariates potentially affecting site use (Table 1). Distance to feature layers were created from maps of these features using the Proximity (raster distance) processing tool in QGIS version 3.34.3 (QGIS, 2024). The trail and road covariates served as a proxy for human presence, as direct measures were unavailable given the placement of the cameras. We included temperature (temp), precipitation (precip), and time of day (diel) as covariates potentially affecting detection probability (Table 1). Temperature and rainfall can affect both the activity level of an organism and the performance of certain camera trap models, leading to variation in detection probability (Rowcliffe et al., 2011; McIntyre et al., 2020). We used the average time of sunrise and sunset across each 6-day survey period to determine the dawn (sunrise +/- two hours) and dusk (sunset +/- two hours) time periods. Day was thus the time period between dawn and dusk, while night was the time period between dusk and the following dawn. We included the diel covariate in all models as three parameters – dawn, dusk, and night, with day being the reference period (MacKenzie et al., 2006; Gallo et al., 2022). To determine whether species were avoiding trails or roads during periods of high human activity (i.e. day), we included interaction terms between diel and both distance to trails and distance to roads.


Table 1 | Descriptions of model covariates.
	Covariate (abbreviation)
	Description
	Expected influence



	Distance to trails (Trail)*,a
	The distance a site is from the nearest trail (including restricted access trails).
	Site use


	Distance to roads (Road)*,b
	The distance a site is from the nearest paved road.
	Site use


	Distance to streams (Stream)*
	The distance a site is from the nearest stream.
	Site use


	Elevation (Elev)*
	A site’s elevation.
	Site use


	Temperature (Temp)*
	Average temperature during survey period.
	Detection probability


	Precipitation (Precip)
	Average amount of precipitation during survey period.
	Detection probability


	Time of day (Diel)a,b
	Dawn and dusk were defined as two-hour windows around sunrise and sunset. Night was the period between dusk and dawn, while day was the period between dawn and dusk.
	Detection probability





All covariates except diel were standardized.

*Includes linear and quadratic versions to identify non-linear relationships.

a,bCovariates with the same letter were included as an additional interaction term.



We obtained weather, sunrise, and sunset data from Visual Crossings Corporation (2024). We standardized all covariates except diel to have zero mean and unit standard deviation to improve numerical optimization and allow for easier comparison between coefficient estimates (Cade, 2015; Broms et al., 2016; Santon et al., 2023). We included both a linear and quadratic form of all covariates except diel and precipitation in the initial step of our model selection approach; the quadratic form was included to identify any non-linear relationships.

To construct a candidate set of models for each species, we first fit models of site use and detection probability using each covariate from Table 1 separately (Arnold, 2010; Morin et al., 2020). We compared models using Akaike’s Information Criterion corrected for small sample size (AICc; Burnham and Anderson, 2002). Top models for each parameter (ψ and p), along with any model with ΔAICc ≤ 5 from the respective top model, were carried forward to a second model selection step (Morin et al., 2020). If two models within ΔAICc ≤ 5 had covariates with a high (>0.6) Pearson correlation coefficient, only one of those models was carried forward (Gilhooly et al., 2019).

During the first step we also tested for inclusion of quadratic and interaction terms in the models. For each covariate listed above, we ran additional models that included the linear and quadratic form of the covariate, i.e.,

y = β0+β1x1+β2x12



where y represents the parameter to be estimated (ψ or p), βn represents the coefficient estimates, and x1 represents the covariate. If this model had an AICc score that was at least 2 better than the model with the linear covariate and the shape of the relationship (as determined by plotting the coefficient estimates across the range of observed values of the covariate) was non-linear, we selected the quadratic form to carry to the next step, provided it was within ΔAICc ≤ 5 of the top model (Arnold, 2010). For environmental covariates representing human presence, we ran additional models that included interaction terms with diel, i.e.:

ψ
= β0+β1x1+β2x1x2



where x1 represents the environmental covariate and x2 represents the diel covariate. We did not include interaction terms for models of p. If this model had an AICc score that was at least 2 better than the model without the interaction term, we selected the interaction form to carry to the next step, provided it was within ΔAICc ≤ 5 of the top model (Arnold, 2010). Quadratic forms of these covariates were also tested in conjunction with interaction terms, which took the form:

 ψ
= β0+β1x1+β2x12+β3x1x2+ β4x12x2



Selection of a model with a quadratic interaction term followed the same rules as those described above for quadratic models without interaction terms.

In our second step, we fit models that combined the top covariates selected from the first step
(including quadratic or interaction terms as appropriate) for site use and detection probability. We limited each model to only have one covariate per parameter (ψ or p) due to the small sample size of our data (n = 12 sites). All models fit during this second step were included in the full candidate set, which can be found in Supplementary Material 3. We performed MacKenzie-Bailey goodness-of-fit tests on all models in both steps (MacKenzie and Bailey, 2004) using 1000 bootstraps. For species with models that had ĉ > 1, we used quasi-AIC (QAIC) for model comparison (MacKenzie and Bailey, 2004).

To account for model selection uncertainty in some species, we calculated model-averaged parameter estimates using each model’s output (AICc, Akaike weight [wi], and parameter estimate; Charalambous et al., 2024). The parameter estimates were weighted by the Akaike weight and then averaged across all models in the final list. Along with model-averaged estimates for detection probability and site use, we present model-averaged coefficients (β estimate, standard error, [85% confidence interval]) to help contextualize the results (Arnold, 2010; Wilkinson et al., 2023). Covariates that were missing from a given model were assigned an estimate of zero for averaging purposes (Symonds and Moussalli, 2011). We did not use the model-averaged coefficients to make inferences directly because of potential issues of interpretation due to different scales and collinearity among covariates (Cade, 2015). All post-model fit processing was performed using Mathematica version 13.0 (Wolfram Research, Inc., 2022).





3 Results



3.1 Species survey

We detected 15 mammal species across all sites (Figure 2). The number of detections across the 168 survey periods was highest for white-tailed deer (n = 605 detections) followed by 330 detections for eastern gray squirrels (Sciurus carolinensis). All other species had 70 or fewer, with striped skunks (Mephitis mephitis) having the fewest detections with only one. American mink (Mustela vison) and striped skunk were not included in further analysis because they had too few detections to accurately estimate site use, and white-tailed deer were not included because they were present at every site.

[image: Three bar charts showing data for various species. The first chartcompares site use with model-averaged and naïve estimates. The second chart displaysdetection probability by species. The third chart shows number of detections,highlighting white-tailed deer with the highest count. Species include striped skunk,mink, bobcat, coyote, ermine, opossum, porcupine, cottontail, black bear, raccoon, redfox, chipmunk, flying squirrel, gray squirrel, and white-tailed deer.]
Figure 2 | Distribution of the number of detections over 168 survey periods, weighted model-averaged overall detection probabilities (p), and naïve and weighted model-averaged overall site use (ψ) for all target species identified. Error bars represent standard error of weighted model averages.




3.2 Detection probability

Weighted mean detection probabilities ranged from 0.0041 (SE = 0.0003, 85% CI = [0.0035, 0.0046]) for bobcat (Lynx rufus) to 0.1786 (0.0000, [0.1786, 0.1786]) for gray squirrel (Figure 2). Covariates from the first step in our model selection process usually included diel or temperature, but rarely both, and sometimes included precipitation (Supplementary Material 3). Higher temperature was associated with higher detection probability for black bear (Ursus americanus) (βtemp = 0.23, 0.14, [0.02, 0.44]), coyote (0.30, 0.22, [-0.02, 0.62]), and ermine (Mustela erminea) (0.26, 0.25, [-0.09, 0.62]; βtemp2 = -0.03, 0.08, [-0.15, 0.08]), whereas cottontail (-2.62, 0.00, [-2.62, -2.62]; -0.91, 0.00, [-0.91, -0.91]) and red fox (Vulpes vulpes) (-0.10, 0.11, [-0.25, 0.07]; -0.07, 0.08, [-0.18, 0.05]) had higher detection probability at low to intermediate temperature (Figure 3). There was weak support for temperature affecting detection probability of ermine and red fox and no support for temperature affecting detection probability of bobcat (-0.02, 0.04, [-0.07, 0.03]; Supplementary Material 3). Precipitation did not influence detection probability for bobcat (βprecip
= -0.01, 0.02, [-0.05, 0.02]) or coyote (-0.05, 0.08, [-0.17, 0.07]), the only species where precipitation was included in the step two models (Supplementary Material 3).

[image: Twelve graphs display site use and detection probabilities for various animals, affected by environmental factors like distance to trail, road, stream, or temperature. Species include black bear, bobcat, cottontail, ermine, coyote, flying squirrel, red fox, and gray squirrel. The x-axes represent different environmental variables, while the y-axes show probabilities. Trends in the lines and shaded areas suggest variations in probability with changes in environmental factors.]
Figure 3 | Predicted ψ and p across each covariate for each species except diel, which was composed of three separate parameters. Only covariates included in the top model(s) (within ΔAICc ≤ 2) for each species are shown. For chipmunk, opossum, porcupine, and raccoon, the only important covariate was diel (or none).

Detection probability was highest during the day for chipmunk (Tamias striatus) (βdawn = -2.63, 0.00, [-2.63, -2.63]; βdusk = -2.28, 0.00, [-2.28, -2.28]; βnight = -4.26, 0.00, [-4.26, -4.26]]) and gray squirrel (-1.15, 0.00, [-1.15, -1.15]; -1.20, 0.00, [-1.20, -1.20]; -50.67, 72.00, [-154.34, 53.01]; Figure 4). Southern flying squirrel (Glaucomys volans) (29.83, 30.12, [-13.54, 73.20]; 80.84, 35.70, [29.44, 132.24]; 83.64, 35.70, [32.24, 135.04]), porcupine (Erethizon dorsatum) (0.41, 0.00, [0.41, 0.41]; 0.41, 0.00, [0.41, 0.41]; 2.30, 0.00, [2.30, 2.30]), raccoon (1.40, 0.00, [1.40, 1.40]; 0.70, 0.00, [0.70, 0.70]; 2.66, 0.00, [2.66, 2.66]), and red fox (-0.08, 0.10, [-0.22, 0.06]; -0.16, 0.20, [-0.46, 0.13]; 0.13, 0.17, [-0.11, 0.38]) all had a higher detection probability at night, though there was weak support for diel affecting detection probability of red fox (Figure 4, Supplementary Material 3). No species were more likely to be detected during dawn or dusk (Figure 4). The top model(s) for bobcat and opossum had no covariates for detection probability (Supplementary Material 4).

[image: Six donut charts display detection probabilities of various animals atdifferent times: dawn, day, dusk, and night. Chipmunk and gray squirrel have significantdaytime activity, while flying squirrel, porcupine, raccoon, and red fox are mostly active atnight. A color legend indicates dawn as yellow, day as orange, dusk as purple, and nightas blue.]
Figure 4 | Diel-specific detection probabilities for each species in which diel was included in the top model(s) (within ΔAICc ≤ 2). Absolute detection probabilities for each diel period are displayed with the corresponding slice of the pie chart.




3.3 Site use estimation

Raccoon had the highest estimate of overall site use at 0.938 (SE = 0.013, 85% CI = [0.919, 0.956]) while cottontail had the lowest at 0.167 (0.000, [0.067, 0.167]; Figure 2). The top site use models (within ΔAICc ≤ 2) for four species – chipmunk, opossum, porcupine, and raccoon – did not include any environmental covariates. Black bear (βtrail = -34.97, 23.97, [-69.48, -0.46]) had highest site use near trails (Figure 3), while ermine (-100246.00, 59056.80, [-185288.00, -15204.60]; βtrail2 = -56939.20, 33627.30, [-105363.00, -8515.81]) had highest site use away from trails. Bobcat avoided sites near roads (βroad = 158.32, 83.24, [38.45, 278.18]), whereas cottontail (-1.27, 1.29, [-3.13, 0.58]) and gray squirrel (-49.03, 96.41, [-187.86, 89.79]) preferred sites near roads (Figure 3). There was weak support for distance to roads affecting site use of cottontail and gray
squirrel and no support for distance to trails affecting site use of chipmunk (-0.00, 0.54, [-0.78, 0.77]; 0.00, 0.77, [-1.10, 1.11]) or porcupine (-0.09, 1.58, [-2.36, 2.19]) or for distance to roads affecting site use of raccoon (-0.06, 1.03, [-1.55, 1.42]) or red fox (-0.19, 0.26, [-0.57, 0.19]; Supplementary Material 3). Interactions between diel and roads and diel and trails were not important for any species.

Flying squirrel avoided sites near streams (βstream = 739.89, 517.28, [-4.99, 1484.76]), while coyote preferred sites at higher elevation (βelev = 49.04, 22.67, [16.39, 81.68]) and red fox preferred sites at lower elevation (-4.16, 2.87, [-8.30, -0.03]; βelev2 = 3.70, 2.55, [0.02, 7.38]; Figure 3). There was no support for distance to streams affecting site use of bobcat (-12.52, 18.77, [-39.54, 14.51]), chipmunk (0.02, 0.47, [-0.66, 0.69]), cottontail (-136.21, 433.04, [-759.79, 487.37]; βstream2 = -190.06, 604.24, [-1060.16, 680.04]), gray squirrel (1.17, 73.30, [-104.38, 106.71];
0.79, 49.72, [-70.80, 72.39]), porcupine (-0.00, 0.07, [-0.10, 0.09]), or raccoon (-5.15, 42.85, [-66.86, 56.56]), nor was there support for elevation affecting site use of bobcat (42.82, 63.83, [-49.10, 134.74]), cottontail (-0.16, 0.39, [-0.72, 0.39]), gray squirrel (-0.05, 2.86, [-4.17, 4.08]; 0.08, 4.86, [-6.93, 7.08]), or raccoon (-0.08, 1.35, [-2.03, 1.86]; Supplementary Material 3).





4 Discussion

This study provides evidence that most mammals at HMS are not altering their spatiotemporal behavior in response to the presence of humans, represented here by the interaction between time of day and the proximity to trails and roads. Kays et al. (2017) also found that most forest-dwelling terrestrial mammals were minimally impacted by recreational hiking in protected forests across the eastern United States. It may be that there is optimal habitat near the trails and roads of HMS that is worth the potential risk of encountering humans. It is also possible that mammals at HMS are negatively affected by human presence through other mechanisms, such as stress or increased energetic costs to find resources, which were not captured by our models (Larson et al., 2016; Gaynor et al., 2018). Our results may also be impacted by the uneven distribution of human visitors on trails both spatially and temporally; the majority of visitors utilize the main trail leading from the visitor’s center to numerous lookout points from September through November. The effect of humans on wildlife may vary seasonally, particularly since many behaviors of these species can be affected by time of year (Elbroch and Rinehart, 2011; Kupferman et al., 2021; Hubbard et al., 2022; Mayer et al., 2023; Belamaric et al., 2024; Minns et al., 2024). Furthermore, even if mammals are avoiding this portion of the trail, this represents a small fraction of the total trails available within the sanctuary. Our setup (n = 12 sites) may have also lacked the statistical power to detect an effect of the interaction terms, given the complexity of those models (Goldstein et al., 2024). While twelve sites were enough to provide adequate coverage of the Sanctuary, a more intensive sampling strategy during the busiest months for visitation may reveal a stronger effect of human presence.

With our data spanning spring through fall, the closure assumption may be violated if species are moving in and out of sites between sampling periods (MacKenzie and Royle, 2005). While we reinterpreted the occupancy parameter as site use to account for this, non-closure can still lead to biased estimates when detection probability is low (Rota et al., 2009). Dynamic or multi-season occupancy models that can account for immigration into and emigration out of sites across time have been suggested as a solution to the violation of the closure assumption when using single-season models (Valente et al., 2017). However, for mobile animals with large ranges, the closure assumption may never be met, as it is always possible an individual crosses a site boundary between sampling periods (Valente et al., 2024). We therefore acknowledge that our estimates of site use are likely higher than they would be under a shorter sampling period and instead focus on the effects of environmental variables on these estimates.

For most species in our study, model-averaged site use estimates were similar to naïve
occupancy when detection probability was at least 0.01, suggesting limited bias from violation of the closure assumption. Three species (bobcat, coyote, opossum) with estimates of detection probability lower than 0.01 had the largest increases in estimated site use compared to naïve occupancy. For these highly elusive species, models of site use may be too unreliable to provide accurate inference (Pautrel et al., 2023). Instead, we treat these species descriptively. Occupied sites for bobcat were generally far from the nearest road, matching model output. They were also mostly higher elevation and closer to trails, which was not captured by our models. Despite very few detections, coyote was detected at half of our study sites; these sites were all generally higher-elevation, again matching model output. Opossum was also detected at mostly higher-elevation sites that were far from streams, but neither of these relationships were captured by our models. And despite having a higher detection probability and a less-biased site use estimate, ermine was only detected at two sites (Supplementary Material 2), making it difficult to make projections of site use across various distances to trails.

Large animals may utilize trails as an easy method of moving through habitat or as an opportunity to forage for anthropogenic food sources (Lewis et al., 2021). This has led to a lack of response to human disturbance from black bears (Lewis et al., 2021), though here we document a positive response to trails by black bears. Alternatively, ermines may show an avoidance of trails given their preference for sites farther from trails. While weasel species in North America are generally understudied (Cheeseman et al., 2024), two weasel species in Maine were found to prefer disturbed forest stands, indicating tolerance of human disturbance at larger spatial scales (Evans and Mortelliti, 2022). Road effects vary by species size and behavior (Fahrig and Rytwinski, 2009). Mid-sized mammals with low population densities and large ranges are negatively impacted by roads while small mammals that are fast enough to avoid car traffic may benefit from roads as a food source (Fahrig and Rytwinski, 2009). Here, we saw that bobcats avoided sites near roads while gray squirrels and cottontails preferred them; no other species’ site use was affected by the presence of roads.

While our study did not find a temporal shift in the use of trails or roads, time of day itself had a strong effect on detection probability for many species, matching expected behavior (Elbroch and Rinehart, 2011). Black bears are known to increase their nocturnal activity during the hunting season prior to hibernation (Hubbard et al., 2022), but our study period ended just prior to hunting season in Pennsylvania. Coyotes also shift towards more nocturnal activity when human presence is high (Rivera et al., 2022). Here, coyotes were regularly detected during both day and night, suggesting the impact of humans is low. Ermine have been shown to alter their diel behavior to match the nocturnal behavior of their prey and to avoid competitors that are active at other times (Kupferman et al., 2021). Red foxes, though often nocturnal (Elbroch and Rinehart, 2011), have been found to increase daytime activity when vegetation was available (Gallo et al., 2022). HMS offers large areas of cover, likely contributing to the combination of nocturnal and diurnal activity we observed. Despite similarities in habitat use and diet (Carver et al., 2011), both opossums and raccoons were more active nocturnally at HMS, matching the findings of previous studies (Kaufmann, 1982; Ryser, 1995; Gardner and Sunquist, 2003; Gehrt, 2003).

Flying squirrels were the only species with apparent avoidance of streams. Our sites far from streams may have had more large trees than sites proximal to streams. Flying squirrels prefer tall, large-diameter trees for den cavities and gliding (Elbroch and Rinehart, 2011; Howard et al., 2020). They may also avoid areas with dense understory, which is present around most of the streams at HMS. Although coyotes and red foxes responded to elevation, our sites did not represent the full elevational range of HMS, so we cannot draw any firm conclusions about the relationship between site use and elevation. The apparent preference for sites at differing elevations may also be due to other unmeasured environmental variables such as forest cover and vegetation density, which are also important components of habitat that can affect mammal site use and detection (Boron et al., 2019). For example, available vegetative cover may lessen the effects that human presence has on predator species like black bear, coyote, bobcat, and red fox (Nickel et al., 2020).

We considered the distance from trails and roads as proxies for human presence. Roads are a severe threat to many species because they can cause increased mortality, altered behavior, and fragmented habitat (Fahrig and Rytwinski, 2009; D’Amico et al., 2016). Human activities on both roads and trails can cause noise and disturbances that affect behavior, leading to both a spatial and temporal avoidance of roads and trails (Fahrig and Rytwinski, 2009; Rogala et al., 2011; Westekemper et al., 2018; Soultan et al., 2021). We did not incorporate frequency of trail use by humans into our models, as most of our cameras were off-trail and did not have any human sightings. The inclusion of this parameter can be useful, since increases in park visitation and trail density can affect detection and site use (Marion et al., 2024; Boone et al., 2025). Human detections can also be useful for conducting an activity pattern analysis to measure temporal overlap between humans and wildlife and to identify potential avoidance behavior (Ma et al., 2025). Although the majority of trail use at HMS is concentrated between the visitor center and the North Lookout (near camera R4), most trails enjoy near-daily use by humans (personal observation). It is unknown whether the intensity of use by humans along these other trails is large enough to have a measurable effect on site use, but even light traffic can have a negative impact on habitat quality (Marion et al., 2016).

Conservation areas are important for wildlife, but many also provide recreational opportunities for humans. Managers of these areas must strike a balance between habitat protection and accessibility, which has become more challenging as human use of these areas has increased in recent years. The potential for negative impacts on wildlife is high, necessitating continual monitoring of populations to detect and measure any changes in key population metrics. Our method to detect both spatial and temporal changes in site use can be utilized by managers of conservation areas to determine the impact of human visitors on wildlife. More specifically, incorporating interactions between features of the landscape and time of day can identify whether organisms are shifting their use of sites to avoid human presence. Many organisms utilize trails to travel more quickly across the landscape. Varying the landscapes through which trails, roads, and other park infrastructure are built can ensure that sufficient space and suitable habitat are available for a mammal community with a spectrum of behavior and habitat needs. Our results demonstrate the success that managers can have at balancing recreational opportunities for people and maintenance of diverse wildlife populations within a protected area.
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