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Abstract

Living on Winter’s Edge: Snow Ecology of Large Mammals in Northern Ecosystems

Benjamin Knight Sullender

Chair of the Supervisory Committee:
Laura Prugh

School of Environmental and Forest Sciences

Climate change is rapidly reshaping snowpacks around the world, with dramatic impacts
on wildlife. My dissertation explored the role of snow in shaping predator—prey relationships and
movement ecology, focusing on large mammals in the northern United States of America and
Canada. Chapter 2 used winter fieldwork to quantify how specific snow properties influence the
sink depths of tracks made by predators (bobcats, cougars, coyotes, and wolves) and their
sympatric ungulate prey (caribou, deer, moose). Using generalized additive models, breakpoint
regression, and animal morphology, I found that near-surface snow density is the most
significant predictor of sink depth, with different thresholds for predators and prey. I identified
"danger zones" where snow conditions impede ungulates’ movement more than predators,

providing a framework to predict the impacts of climate-driven snow changes on predator—prey



dynamics. Chapter 3 applied an entirely different methodological approach to investigate
whether these danger zones factor into apex predator habitat selection. Using GPS collar data for
cougars, wolves, mule deer, and white-tailed deer, I found that snow depth and density
significantly affect predator movement, with predators selecting for areas with either shallow or
with deep, dense snow. Kill-site investigations for cougar-killed deer indicated similar snow
preferences. In Chapter 4, I examined winter movements from an ungulate perspective, using
GPS collared data from five moose populations across their entire latitudinal range. I found that,
even in winter, high temperatures cause moose to adjust behavioral patterns and alter habitat
selection, potentially forgoing foraging opportunities in favor of thermal refuge. These changes
were most dramatic in southern moose and may be a contributing factor to recent moose range
contraction along their southern margins. Finally, Chapter 5 integrated physically based snow
modeling with climate projections to predict how changing snowpacks will alter predator—prey
interactions. I focused on two apex predators, cougars and wolves, and their primary prey, mule
deer and white-tailed deer, under two mid-century climate change scenarios (SSP2-4.5 and
SSP5-8.5). My results showed significant declines in snow-mediated advantages for predators,
with a reduction in both the duration and extent of snowpack conditions that favor predator
movement (as identified in Chapter 3). These changes are expected to have disproportionate
impacts on apex predators, potentially leading to shifts in predator home ranges, prey densities,
and ecosystem dynamics. Collectively, these chapters underscore the profound effects of
climate-driven changes in snowpack dynamics on large carnivore and ungulate behavior, with

potential for significant shifts in predator—prey interactions across the Northern Hemisphere.
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CHAPTER 1: INTRODUCTION

1.1 Background

Snow shapes ecosystems across the planet in ways that are only beginning to be
understood. Beyond directly feeding hydrological systems and indirectly influencing vegetation
communities (Gergel et al. 2017), a diverse community of animals have evolved to exploit
specific snow conditions (Penczykowski et al. 2017). However, snow is spatially heterogeneous,
physically diverse, and dynamic, and subtle changes in snow conditions can have dramatic
impacts on wildlife. Depending on physical properties, snow can provide a life-saving boost to
thermoregulatory processes as insulation for subnivean mammals (Durner et al. 2003, Wilson
and Durner 2020, Poirier et al. 2023) or can prove to be a lethal energy sink for ungulates
attempting to move between habitats (Parker et al. 1984, Horne et al. 2019). Snow can inflict
mass mortality as herbivores starve on inaccessible, iced pastures (Stien et al. 2010, Hansen et al.
2011), and these sudden influxes of carrion can also catalyze population booms in scavengers
and other carnivores (Mech et al. 1987, Post et al. 1999, Hansen et al. 2013). Various aspects of
snow have been linked with altering mammal behavior (Murray and Boutin 1991, Cunningham
et al. 2022, Ortega et al. 2024, Prugh et al. 2024), habitat suitability (Glass et al. 2021, Pedersen
et al. 2021), and a wide range of demographic parameters from survival (van de Kerk et al. 2018,
Horne et al. 2019, Van de Kerk et al. 2020) to fecundity (Post et al. 1999, Borg and Schirokauer
2022).

These profound ecological impacts occur across a massive geographic area, as 48% of the
world’s land area is at least periodically snow-covered (Johnston et al. 2023). In northern

ecosystems, snow cover typically lasts nine months of the year (Boelman et al. 2019), and, even
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in areas that receive only intermittent snow or no snow at all, the gradually melting snow from
mountainous regions — the “world’s water towers” — provide critical water resources to 1.9
billion people (Barnett et al. 2005, Immerzeel et al. 2020). Despite its global importance, the
complex and dynamic nature of snow precludes easy integration into typical wildlife research
(Reinking et al. 2022). Accurately quantifying snow properties at wildlife-relevant scales — both
temporally and spatially — remains a central challenge in snow ecology (Mahoney et al. 2018,
Reinking et al. 2022).

The rapid pace of climate change has added urgency to this challenge. Northern high-
latitude ecosystems are warming at the fastest rates on Earth (Rantanen et al. 2022), with total
precipitation, precipitation intensity, and mid-winter melt all expected to increase as the climate
warms (Thackeray et al. 2019, Scaff et al. 2024). Together, greater snowmelt and the reductions
in the fraction of precipitation falling as snow are projected to globally result in shorter snow
cover duration, less snow cover extent, and less overall snow mass (Derksen and Brown 2012,
Thackeray et al. 2019, Pulliainen et al. 2020, Musselman et al. 2021). These dramatic
geophysical changes will alter many components of life for winter-adapted wildlife. As species
adjust behavior, habitat use, and overall distribution, species interactions will shift accordingly,
with ecosystem-wide repercussions (Blois et al. 2013, Pecl et al. 2017, Penczykowski et al.

2017).

1.2 Goals
In this dissertation, I dig into the intersection of snow science and wildlife biology. My
second chapter, entitled “Defining the danger zone: Critical snow properties for predator-prey

interactions,” used intensive winter fieldwork in Denali National Park, Alaska, and in two
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regions of Washington state to delineate the specific snow properties that matter most to a suite
of eight species of large mammals. I focused on a principal metric of energy expenditure — sink
depth, defined as how much an animal sinks into the snowpack with each step. This mechanistic
link between morphology and physical properties of snow allows me to extrapolate how different
types of snow tip the balance in predator-prey relationships. I conclude the second chapter by
defining “danger zones,” the specific ranges of snow density wherein predators (wolves [Canis
lupus], coyotes [C. latrans], bobcats [Lynx rufus], and cougars [Puma concolor]) gain a
movement advantage in comparison to ungulate prey (caribou [Rangifer tarandus)], moose [Alces
alces], mule deer [Odocoileus hemionus], and white-tailed deer [O. virginianus]).

My third chapter, “Apex predators exploit advantageous snow conditions across hunting
modes,” used movement ecology, physically-based snow modeling, and a ground-breaking GPS
collar dataset from the Washington Predator-Prey Project to investigate how these theoretical
danger zones play out on the landscape. I analyzed locations from five years of simultaneously
collared cougars, wolves, mule deer, and white-tailed deer in two regions of Washington state,
the Okanogan and Northeast study areas. Thanks to support from snow-savvy collaborators, I
extracted daily, fine-resolution snow conditions and combined these with landscape covariates
within a step-selection framework to compare the relative influence of each of these variables on
predator movement. I found that the movements of both cougars and wolves are strongly shaped
by snow, counter to prevailing wisdom that wolves are far more associated with snow due to
their typical hunting mode of long-distance chases over open terrain. This robust statistical
analysis underscores the role of danger zones as one of the more important factors driving
predator distribution — certain snow conditions provide such a strong advantage that predators

may temporarily disregard typical hunting preferences.
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Next, I explore how mid-winter conditions shape specific aspects of large mammal
movement ecology in my fourth chapter, entitled “Warm winters, hot moose: temperature drives
activity and habitat trade-offs across a cold-adapted species’ range.” Because snow affects
ungulate behavior as well as that of their predators, I dove into two main components of moose
responses to environmental conditions in winter: behavioral and habitat-mediated
thermoregulation. I used GPS collar data from five populations of moose across their latitudinal
range, from Colorado to the Yukon Territory, Canada. With these data, I used hidden Markov
models to delineate how temperature and snow influence moose activity changes, then used these
results to analyze how temperature alters diurnal activity patterns and habitat selection via step-
selection functions. I found that, when faced with unusually warm winter temperatures, moose
across their range are more likely to remain sedentary, become more nocturnal and less diurnal,
and forgo preferred foraging habitat for potential thermal refuge. These findings indicate that
moose may already be at or near their thermal limit in southern populations, with minimal
remaining adaptive capacity to respond to warming winters.

Finally, my fifth chapter — “Climate change diminishes snow-mediated movement
advantage for apex predators” — explores the impact climate-change projections on danger zone
across the same two study regions of Washington state (Okanogan and Northeast). Again through
the guidance of snow- and supercomputer-experts, I generated five years of detailed physical
snowpack data for two scenarios of climate change and compared these with five baseline years
by extracting relevant snow properties across the study areas and within GPS-collared predator
home ranges. I found that the extent and duration of snow conditions that provide predators an
advantage over ungulate prey — “danger zones” — will dramatically decline, with the most

pronounced declines in current predator home ranges. As species respond to changing snow
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conditions, my results indicate that ungulates stand to significantly benefit from future
snowpacks, and, unless otherwise mitigated by range shifts or compensated by dramatically

increased prey density, predators will suffer from the underlying geophysical changes in snow.

1.3 Implications

My dissertation has applications to a wide range of ecological theory and scientific
frontiers. My overarching conclusion that snow conditions alter predator-prey interactions
extends our understanding of how environmental factors mediate Lotka-Volterra models of
predator-prey dynamics (Post et al. 1999) and are implicated in trophic cascades (McLaren and
Peterson 1994). More specifically, I show that snow provides a hunting advantage that, in some
conditions, outweighs other landscape characteristics for predators. Second, although
diminishing snowpacks may have other benefits for herbivores related to improving forage
opportunities, large ungulates may have limited capacity to respond to additional increases in
temperature and thus face a thermoregulatory bottleneck. Thus, more frequent and severe
midwinter warm spells (Tuel and Martius 2024) might render Bergmann’s rule maladaptive
(Ashton et al. 2000, Hoy et al. 2018), as larger-bodied mammals must contend with abrupt warm
conditions amidst typically cold northern climates. Third, climate change may fundamentally
reconfigure predator—prey relationships in snowy ecosystems. As hydrologists, wildlife
biologists, natural resource managers, decision-makers, and winter enthusiasts alike grapple with
our changing snowpacks, my dissertation outlines several key advances in our understanding of

how snow shapes our world.
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CHAPTER 2: DEFINING THE DANGER ZONE: CRITICAL SNOW

PROPERTIES FOR PREDATOR-PREY INTERACTIONS

Publication history: A version of this chapter was previously published in Oikos. The full
citation for this publication is:
Sullender B.K., C.X. Cunningham, J.D. Lundquist, and L.R. Prugh. 2023. Defining the
danger zone: critical snow properties for predator—prey interactions. Oikos 2023:¢09925.

https://doi.org/10.1111/01k.09925.

2.1 Abstract

Snowpack dynamics have a major influence on wildlife movement ecology and predator—prey
interactions. Specific snow properties such as density, hardness, and depth determine how much
an animal sinks into the snowpack, which in turn drives both the energetic cost of locomotion
and predation risk. Here, we quantified the relationships between five field-measured snow
variables and snow track sink depths for widely distributed predators (bobcats Lynx rufus,
cougars Puma concolor, coyotes Canis latrans, wolves C. lupus) and sympatric ungulate prey
(caribou Rangifer tarandus, white-tailed deer Odocoileus virginianus, mule deer O. hemionus,
and moose Alces alces) in interior Alaska and northern Washington, USA. We first used
generalized additive models to identify which snow metrics best predicted sink depths for each
species and across all species. Next, we used breakpoint regression to identify thresholds of
support for the best-performing predictor of sink depth for each species (i.e. values wherein
tracks do not sink appreciably deeper into the snow). Finally, we identified ‘danger zones,’

wherein snow impedes the mobility of ungulates more than carnivores, by comparing sink depths
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relative to hind leg lengths among predator—prey pairs. Near-surface (0—20 cm) snow density
was the strongest predictor of sink depth across species. Thresholds of support occurred at near-
surface snow densities between 220-310 kg m™ for predators and 300-410 kg m™ for prey, and
danger zones peaked at intermediate snow densities (200-300 kg m~3) for eight of the ten
predator—prey pairs. These results can be used to link predator—prey relationships with spatially
explicit snow modeling outputs and projected future changes in snow density. As climate change
rapidly reshapes snowpack dynamics, these danger zones provide a useful framework to

anticipate likely winners and losers of future winter conditions.
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2.2 Introduction

Seasonal snow cover shapes a suite of ecological processes across nearly half of all land
in the Northern Hemisphere (Robinson et al. 2014; Niittynen et al. 2018). The dynamic nature of
snow throughout the landscape and throughout the year presents a challenge for evaluating
wildlife-snow relationships (Reinking et al. 2022). Furthermore, climate change is rapidly
altering seasonal snowpacks globally, with the greatest effects observed across northern Eurasia
and North America (IPCC 2019). Snow cover duration (Brown & Mote 2009), autumn and
spring extent (Derksen & Brown 2012; Thackeray et al. 2019), and overall snow mass
(Pulliainen et al. 2020) are declining dramatically in the Northern Hemisphere. The rapid pace of
these changes adds urgency to the outstanding need to understand wildlife-specific aspects of
snow ecology (Mahoney et al. 2018; Boelman et al. 2019).

For large mammals inhabiting seasonally snowy regions, biological processes such as
energy balance (Dailey & Hobbs 1989), access to winter forage (Hansen et al. 2011), recruitment
of young (van de Kerk et al. 2018), daily movement rates (Pedersen et al. 2021), migration
phenology (Gurarie et al. 2019), habitat selection (Mahoney et al. 2018), and predator-prey
interactions (Peers et al. 2020) are all mediated to some extent by snow. The impact of snow on
many of these processes can be estimated with easily measured metrics. Snow depth, for
example, is one of the most widely used snow metrics in wildlife ecology, with applications that
include classifying winter severity (Nelson & Mech 1986), understanding predation success rates
(Post et al. 1999; Horne et al. 2019), and modeling movement patterns (Droghini & Boutin
2018a). Satellite-derived variables such as snow cover phenology are well suited to explain
broader trends in population dynamics (Rattenbury et al. 2018) and coarse-scale range shifts

(Gurarie et al. 2019). Although these studies illustrate the value of including snow in ecological
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analyses, it is often difficult to establish a specific mechanistic link between snow properties and
impacts on wildlife.

The sink depth of animal tracks offers one such linkage between theoretical and empirical
snow ecology (Sivy et al. 2018) and is a key determinant of energetic costs of movement in
snow-covered landscapes (Dailey & Hobbs 1989). Sink depth is a function of snowpack
characteristics, animal gait, speed of travel, and species-specific foot loading (Parker et al. 1984;
Mech & Peterson 2003), which is calculated by dividing an animal’s body mass by the surface
area of all four feet (Telfer & Kelsall 1984). Foot loads range widely among large mammals, but
carnivores generally have foot loads that are 2-10 times lower than their ungulate prey (Telfer &
Kelsall 1984; Murray & Boutin 1991; Murray & Lariviere 2002; Mech & Peterson 2003). This
difference in foot loading creates theoretical “danger zones” for ungulates: locations and times
where snow properties give an advantage to their predators during pursuit and capture.

Danger zones are defined by a combination of snow properties such as total depth,
hardness, and density that together influence how deep an animal will sink into snow and
therefore how impaired its mobility will be (Telfer & Kelsall 1984). Within a snowpack, snow is
aggregated into horizontally arranged layers, each of which may have distinct physical properties
that interact to modulate mass transfers across the entire snow column (Arons & Colbeck 1995;
Pielmeier & Schneebeli 2003). Thus, an animal will encounter multiple snow layers as it sinks
until it reaches a layer sufficiently strong to support its body mass, until it penetrates through the
entire snowpack, or until the underlying layers combine with snow compacted underfoot to
support its body mass (Sivy et al. 2018). Each layer can be classified based on many snow
properties that can be measured in the field (Fierz et al. 2009; Kinar & Pomeroy 2015) and that

may contribute to whether that layer will support a given animal. Snow characteristics of the
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layers that support the animal’s body mass without it sinking into the snow appreciably can be
considered thresholds of support. Since ungulates have higher foot loads than predators (Telfer &
Kelsall 1984), thresholds of support for ungulates should be higher than thresholds of support for
predators. Absolute sink depths, as determined by these thresholds of support, can be scaled by
leg lengths to facilitate comparisons of relative mobility impairment across species (Parker et al.
1984), thereby delineating danger zones for predator-prey pairs.

Approaches coupling snow science and wildlife biology have linked thresholds of
support and more general animal movement with snow depth (Coady 1974; Nelson & Mech
1986), the presence of ice layers (Murie 1944; Stein et al. 2010; Leblond et al. 2016), density
(Fancy & White 1987; Sivy et al. 2018), and hardness (Bunnell et al. 1990; Droghini & Boutin
2018b). However, all of these snow properties vary at multiple spatiotemporal scales, from
individual snow crystal metamorphism to latitude-based spring solar melt (Fierz et al. 2009), and
are linked in complex ways. For example, snow hardness (resistance to penetration) and density
(mass per unit volume) are strongly correlated (Riseth et al. 2011; Takeuchi et al. 1998), but the
relationship varies with snow grain shape. More mature crystal forms are much denser at the
same hardness: the depth hoar common in a cold tundra snowpack averages nearly twice the
density of newly fallen precipitation particles with the same layer hardness, and large
uncertainties preclude deriving a similar relationship with wet (melted) snow grains (Geldsetzer
& Jamieson 2000). As a result, the findings of studies conducted at a single study site or over a
narrow time period may not be applicable across a broader geographic or temporal domain.

Globally, different combinations of climatic and landscape conditions create six snow
classes: tundra, boreal forest, maritime, ephemeral, prairie, and montane forest (Sturm et al.

1995; Sturm & Liston 2021). Snow classes vary from deep and wet (maritime) to shallow and
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hard (tundra), depending on the prevailing physical environment (Sturm et al. 1995).
Collectively, these six classes provide reasonable bounds for the wide range of snow properties
an animal might encounter anywhere in the world (Sturm et al. 1995). For species whose
geographic distribution spans multiple snow classes, a sample encompassing maximum
variability is essential to develop robust estimates of snow support thresholds.

In this study, we analyzed the relationship between snow properties and animal track sink
depths for eight large mammal species in Alaska and Washington, USA. By combining
measurements from these two geographically distinct regions across a variety of meteorological
conditions and over multiple seasons, we surveyed a broad range of snow conditions. We
sampled tracks from medium and large-bodied carnivores and their ungulate prey. First, we
evaluated the performance of five field-measured snow properties as predictors of track sink
depth for each species. We hypothesized that snow density would best predict sink depth for
larger bodied species, as Sivy et al. (2018) and Bunnell et al. (1990) found, and surface
penetrability would best predict sink depth for the smaller-bodied carnivores (Peers et al. 2020).
Second, we aggregated snow track data to identify the single top-performing snow metric across
all sampled wildlife species. Because of the generally observed increase in mammal body size
with latitude (Thurber & Peterson 1991; Ashton et al. 2000), the large latitudinal gradient
covered by our study sites, and spatial and temporal snow differences (Sturm et al. 1995), we
assessed potential regional differences in these snow-sink depth relationships. We hypothesized
that animals would sink deeper in the relatively wet snow of Washington than in the strongly
bonded, wind-hardened snowpack of interior Alaska despite the typically larger body sizes of
northern conspecifics (Thurber & Peterson 1991; Ashton et al. 2000; Herfindal et al. 2006; Meiri

et al. 2007). Third, we quantified critical thresholds of support for the best-performing snow
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metric. Finally, we scaled each species’ snow-sink depth relationship by hind leg length to
quantify relative mobility impairment, using these metrics to define danger zones where
predators have a mobility advantage over prey. By coupling these sympatric carnivore-ungulate
groupings, we delineated how snow influences predator-prey systems in rapidly changing

northern regions.

2.3 Methods

2.3.1 Study Area

We sampled large mammal snow tracks in Denali National Park and Preserve, Alaska
(hereafter, Denali) and at two sites in Washington (Okanogan and Northeast Washington; Figure
2.1). Our study areas include portions of all six global snow classes per Sturm & Liston (2021):
Denali is comprised of tundra and boreal forest, and our Washington sites contain primarily
montane forest, with some prairie, ephemeral, and maritime areas. We conducted fieldwork in
Washington during three consecutive winters (9 January — 17 March 2021, 4 January — 22 March
2022, and 4 — 21 January 2023), and during two winters (18 January — 25 March 2022 and 27
January - 14 March 2023) in Denali. In Washington, our study duration spanned the spring melt-
freeze cycle, a sustained period of daytime temperatures above freezing (>0°C) and nighttime
temperatures below freezing (beginning approximately Feb 20, 2021 and Feb 28, 2022; USDA
Natural Resources Conservation Service 2022). Our sampling in Denali included several sudden
warming events accompanied by strong winds (“Chinooks”) that further enhanced the effects of
wind characteristic to regions with a tundra snow class (Sturm et al. 1995; Bieniek et al. 2018).
Major Chinook wind events occurred in Denali on Jan 23-25 and Feb 24-25, 2022 (maximum

wind speeds of 27 and 28.5 m/s, respectively; NEON 2022).
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Figure 2.1. Study areas. The Denali study area in interior Alaska is comprised mostly of tundra

and boreal snow. The Okanogan study area in Washington is diverse but is mostly comprised of

montane forest. Other Okanogan snow classes are prairie and ephemeral, with some maritime on

the western extremes and very limited boreal/tundra at the highest elevations. Northeast
Washington contains montane forest, prairie, and ephemeral snow classes. Black points show

locations of sampled snow tracks in each study area.
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2.3.2 Focal Species

We focused sampling on common ungulates and their main predators in our study areas.
We sampled moose (4lces alces), coyotes (Canis latrans), and wolves (C. lupus) in both Alaska
and Washington, whereas caribou (Rangifer tarandus) and Dall sheep (Ovis dalli) occurred only
in our Alaska study area and cougars (Puma concolor), bobcats (Lynx rufus), mule deer
(Odocoileus hemionus), and white-tailed deer (O. virginianus) occurred only in our Washington
sites. Deer species could not be differentiated based on tracks alone, and thus the species of deer
was recorded only when the animal making the snow track was observed. We traversed our study
areas using snowmobiles, skis, dogsleds, and snowshoes, following a semi-structured stratified
sampling approach to disperse our observations over a wide variety of snow conditions,
landcover, and snow classes. We restricted sampling to tracks that appeared to have been made
recently (usually <24 h) when snow conditions were likely the same as the time of our survey.
We estimated track freshness based on a variety of cues including comparisons of disturbed and
undisturbed snow texture, presence or absence of melt-freeze crusts within the track, and
hardness of snow track sidewalls (Rezendes 1999; Moskowitz 2010). Once a set of fresh tracks
was identified, we measured the sink depth and dimensions (width and length) of three
consecutive footprints from one individual. For moose, we recorded age class, based either on
visual confirmation of an individual creating snow tracks or based on track dimensions. Tracks
of known juveniles (less than one year old) averaged 10.4 cm wide by 10.6 cm long, whereas
tracks of known adults (greater than one year old) averaged 12.8 cm wide by 15.3 cm long. We
were less confident in our ability to differentiate age classes for smaller ungulates, so we did not

specify age classes for deer, caribou, or sheep. We identified animal gait using a simple
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classification scheme (sensu Rezendes 1999; Moskowitz 2010), and limited our observations to

walking or trotting individuals.

2.3.3 Snow Properties

To measure snow properties, we excavated a snow pit adjacent to each set of measured
tracks, aligning the pit face parallel with the animal’s direction of travel and set back 25-30 cm
from the tracks to ensure that our 20 cm-long density cutter would not intercept animal-disturbed
snow (Figure 2.2). Because we sampled only very recent tracks, we assumed that snow
conditions did not change significantly between when the tracks were made and when we
conducted snow observations. Importantly, we selected only tracks where the animal was fully
supported by the snow and disregarded all tracks that went through the entire snowpack and
made contact with the ground. This approach was necessary to quantify thresholds of snow
strength (e.g., hardness or density) required to support the body mass of each species, but this
sampling design precludes analyzing snow depth as a covariate of track sink depth.

We measured five snow properties at each site: snow density, penetrability, average hand-
hardness, presence of ice layers, and total thickness of ice layers. Snow density is a central
metric in snow science, with direct applications to calculating snow water equivalent (SWE),
albedo, thermal balance, and wildlife movement cost (Bormann et al. 2013; Kinar & Pomeroy
2015; Sivy et al. 2018). Snow densities can range between 10 and 600 kg/m?* (Roebber et al.
2003) and vary dramatically within a given snowpack profile based on depth, temperature
gradient, new snowfall, snowmelt, wind compaction, and myriad climatological factors
(Bormann et al. 2013). We used a 1000 cc steel density cutter (SnowMetrics RIP 1 Cutter)

measuring 10 cm x 10 cm x 20 cm, and took two replicates at each of three depth classes: 0-10
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cm, 10-20 cm, and 20-30 cm. We used the average value at each depth as our snow density
metric (AvgDens). Our average difference in replicate measurements was 15.2 kg/m?, so we
rounded final density values to the nearest 10 kg/m?® when reporting results to account for
measurement error. We limited sampling to the top 30 cm based on prior studies that indicated
the near-surface density is a better predictor of sink depth than overall density throughout the
snow column (Bunnell at el. 1990; Sivy et al. 2018). However, we were concerned that 30 cm
might be too shallow for predicting moose sink depth, so we therefore conducted full-depth snow
density samples at 15 moose tracks. The relationship did not improve beyond the top 30 cm
density (Appendix A), indicating that our selected top-30 cm density sampling depth was
sufficient.

To best capture snow hardness, we measured surface penetrability and hand-hardness
throughout the snowpack. Penetrability (analogous to surface compaction; Fierz et al. 2009) was
measured by dropping a 200 g cylindrical penetrometer (7 oz tuna can, Chicken of the Sea
Chunk Light; 8.2 cm diameter x 4.2 cm height) from a height of 50 cm above the snow surface
and then measuring its sink depth (Figure 2.2B). We conducted two tuna can drops at each site
and averaged both to quantify penetrability (4vgTuna). Similar simple and inexpensive methods
have been used as a proxy for animal sink depth in prior wildlife studies (Murray & Boutin 1991,
Kolbe et al. 2007, Pozzanghera et al. 2016, Droghini & Boutin 2018b, and Peers et al. 2020).

We also measured hand-hardness, a key component of a snowpack’s stratigraphy (Kinar
& Pomeroy 2015). The hand-hardness scale is widely used in avalanche forecasting to delineate
layers of the snowpack that differ in their hardness (Fierz et al. 2009). Each layer is assigned a
hardness based on whether a fist, 4 fingers, 1 finger, pencil, or knife can be pushed into the layer

(given a relatively constant force applied). We reclassified these on a numerical scale from 1
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(fist-hardness; softest) to 5 (knife-hardness; hardest). For five depth horizons (top 10, 20, 30, 40,
or 50 cm), we multiplied each hardness unit (1-5) by the total layer thickness (in cm), summed
all measurements, and divided by depth to calculate thickness-weighted hand-hardness (4AvgHH,
sensu Sivy et al. 2018).

Our hand-hardness measurements formed the basis for delineating ice layers, which have
been shown to significantly affect large mammal movements and foraging ability (Hansen et al.
2011). Ice, corresponding with knife-hardness, is typically formed through liquid water
percolating into and refreezing on top of or within the snowpack (Fierz et al. 2009). We also
observed extreme wind events tightly sintering snow grains into knife-hardness layers, which
were also included as ice layers (Fierz et al. 2009). We determined the presence (1) or absence
(0) of any knife-hardness layers within the top 10, 20, 30, 40, and 50 cm of the snowpack for the
ice presence metric (IceTop), and summed the total knife-hardness layers’ thickness to calculate
total ice thickness (IceTotal) within the top 10, 20, 30, 40, and 50cm of the snowpack. Because
we collected stratigraphy data for the full snow column, we were able to calculate the 0-40 cm
and 0-50 cm depth classes for AvgHH, IceTop, and IceTotal without having to conduct additional
field measurements. Therefore, we included these depths although our density measurements

terminated at 30 cm from snow surface.
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Figure 2.2. Illustration of field sampling protocol. We excavated a snow pit parallel to the
animal’s direction of travel and conducted observations, including measuring density of the top
30 cm (a; AvgDens), determining hand-hardness across the full pit’s depth (4AvgHH), quantifying
thickness and depth of ice layers (IceTop and Totallce), and measuring surface penetrability via
tuna can drops (b; AvgTuna). The string under the tuna can measured 50 cm, the height at which

the can was dropped from. Illustration by Sarah K. Glaser.

2.3.4 Single-species Modeling

We used generalized additive models (GAMs; Wood 2017) to determine the best
predictors of sink depth for each species. GAMs use splines to create smoothed, non-linear
relationships between predictors and the response variable (Wood 2017). Because track sink
depth cannot be less than 0 cm, we modeled sink depth using a gamma distribution (adding

0.00001 to all 0-cm track depths to satisfy the non-zero requirement of the gamma distribution).
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Since density, hand-hardness, ice presence, and cumulative ice thickness included
multiple depth classes that were highly correlated, we first determined which depth class for each
of these variables performed best. We constructed all models using one-term GAMs with
penalized thin plate splines (Wood 2003) for continuous variables. We used a categorical fixed
effect if ice was present in the top horizon of the snowpack (IceTop; 0=no ice; 1=ice). We used
the percentage of null deviance explained (hereafter, pseudo-R? or pR?) to determine the best
overall predictor of sink depth (AvgDens, AvgHH, IceTop, IceTotal, or AvgTuna) for each species

(Wood 2017). We fit GAMs using the mgcv package in R (Wood 2017; R Core Team 2022).

2.3.5 Multi-Taxa and Regional Comparison

In addition to species-specific predictors, we also aimed to determine which snow
property best predicted track sink depth across multiple taxa in order to assess the influence of
snow on predator-prey interactions. For this process, we followed a similar procedure to select
the best depth class of the four depth-specific variables, again with a gamma-linked GAM with
thin plate splines (Wood 2003). To choose a single snow variable that best predicted sink depth
across all taxa, we constructed separate models for each snow covariate. Each model consisted of
sink depth modelled in response to a “by-variable” interaction between a given snow covariate
(AvgDens, AvgHH, Icelop, IceTotal, or AvgTuna) and species, which allowed each species to
respond differently to snow properties. We selected the best single-term model for all species
using deviance explained. We used this best overall model to test for regional differences in sink
depth, to test for thresholds of support, and to delineate danger zones. In order to analyze
regional differences in sink depth relationships, we added region to the best overall model as a

by-variable interaction term and compared fitted models using Akaike information criterion
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corrected for small sample sizes (AIC.), which accounts for goodness of fit while penalizing
models with additional parameters to minimize overfitting (Anderson & Burnham 2002). We
considered the model with the lowest AIC. as the best fitting model if no other candidate model
had AIC, values within 2 (AAIC. > 2). If two or more candidate models were within 2 AIC. of

the leading model (AAIC. < 2), we considered those models to each have substantial support.

2.3.6 Thresholds of Support

To identify support thresholds, we used linear piecewise regression to directly estimate
inflection points. Piecewise regression, also known as “broken-stick” or segmented regression, is
used to determine thresholds (breakpoints) at which ecological relationships change (Toms &
Lesperance 2003; Sivy et al. 2018). Because GAMs are designed to create a smoothed response,
thresholds are more difficult to identify, whereas piecewise regression explicitly identifies
potential abrupt thresholds (Toms & Lesperance 2003). We used the segmented package in R
(Muggeo 2017; R Core Team 2022) to generate breakpoints, retrieve corrected AIC values
(AIC.; Anderson & Burnham 2002), and calculate adjusted R’ values.

We used AIC. to determine whether adding a breakpoint improved model fit compared to
a simple linear model. For each species, if either model was more than 2 AIC. lower (AAIC. > 2)
than the other, we selected the model with the lowest AIC. value. If AAIC. was less than 2, we
considered these models as having equivalent support (Anderson & Burnham 2002) and
therefore selected the segmented model, as our goal was to identify thresholds of support if
present. To determine a threshold of support for species in which the linear regression
outperformed the breakpoint regression (i.e. moose), we solved the linear regression equation for

a sink depth equal to the average of the other species’ breakpoints, adjusted by hind leg length.
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2.3.7 Peak Danger Zones

A threshold of support is important for determining the critical snow property that
supports the animal’s body mass without causing it to sink in the snow appreciably. However, the
degree of movement impairment and energy expenditure for an animal sinking into the snowpack
should vary considerably among species. For example, a 10 cm sink depth for deer may not
result in a measurable impediment to locomotion (Parker et al. 1984), but this sink depth could
substantially impair the mobility of a smaller species like a coyote (Créte & Lariviere 2003). The
key factor in how much movement is altered is how deep the animal sinks relative to its size
(Parker et al. 1984; Murray & Boutin 1991). Although there are many complex biomechanic and
morphological metrics that link movement with size, hind leg length is a well-accepted analogue
for movement ability, explaining 98% of variance in cost of locomotion across diverse vertebrate
taxa (Pontzer 2007) and significantly predicting maximum speed in mammals (Garland & Janis
1991). Furthermore, hind leg length is a widely available measurement for diverse species
(Garland & Janis 1991; Kilbourne & Hoftfman 2013), facilitating comparisons for the eight
species studied here.

We calculated relative sink depth for each species as its sink depth divided by hind leg
length (Table 2.1), a morphologically adjusted metric of cost of movement. First, we used our
best single-term GAM to generate species-specific relative sink depth predictions across the
measured range of snow densities. Next, we subtracted the predicted relative sink depths of
predators from prey to calculate the difference in relative sink depths. Finally, we defined danger
zones based on this difference in relative sink depth, providing a measure of peak disparity in

relative sink depths. If the carnivore sank less than the ungulate at a given snow condition
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(difference in relative sink depth > 0%), the carnivore would have a relative movement
advantage, progressively leading to a danger zone. Conversely, if the ungulate sank less than the
carnivore (difference in relative sink depth < 0%), there would be no elevated danger to the
ungulate and the carnivore may be at a relative disadvantage. The maximum difference in
relative sink depth — denoted as peak danger — represented the snow properties where the
predator’s movement advantage was greatest. We considered only common predator-prey pairs:
bobcat-deer, cougar-deer, cougar-juvenile moose, cougar-adult moose, coyote-deer, coyote-
caribou, wolf-caribou, wolf-deer, wolf-juvenile moose, and wolf-adult moose. Despite range
overlap, we did not examine moose pairings with bobcats or coyotes, because bobcats and

coyotes are too small to successfully kill moose (Newbury 2013; Benson et al. 2017).

2.4 Results

We measured a total of 707 sets of mammal tracks in Denali (n = 296), Northeast
Washington (n = 35), and Okanogan (n = 376; Table 2.1). Across all species, track sink depth
ranged from 0-88.3 cm (X = 16.9 cm). Species with higher foot loads sank deeper into the snow
on average (deer = 16.6 cm; moose = 36.4 cm) than species with lower foot loads (coyotes = 7.7
cm; wolves = 9.7 cm). Most observed animal tracks were less than 30cm deep (553/706 = 78%),
supporting our decision to limit density measurements to the upper 30cm. Due to few
observations, we were unable to analyze snow property-track relationships for Dall sheep (n = 6).
Snow properties varied widely (Table 2.2), with snow depth ranging from 11 — 235 cm, density
varying from 21 — 577 kg/m?, tuna can sink depth ranging from 0 — 31.3 c¢m, and total ice

thickness ranging from 0 — 31 c¢m in the top 50 cm of the snowpack. Snow density varied by
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snow class, with lightest densities in boreal forest, followed by tundra, and no significant

differences between the other snow classes (Appendix A).

2.4.1 Single-Species Modeling

Snow density was the single best predictor for caribou (4vgDens0-10; pR*> = 0.77), deer
(AvgDens0-30; pR’ = 0.33), juvenile moose (4vgDens0-10; pR’>= 0.85), and adult moose
(AvgDens0-20; pR> = 0.57). Across all species, ice layer metrics performed worse than density,
tuna can penetrometer, and hand-hardness metrics (Table 2.2). For cougars and wolves, AvgHH
was the best performing predictor, although pR? values were nearly identical between AvgDens0-
10 (pR? = 0.438) and AvgHHO-10 (pR’ = 0.445) for wolves. AvgTuna was the best performing
predictor for bobcat (pR? = 0.34) and coyote (pR’ = 0.23) sink depth, although no snow metric
explained more than 23% of deviance for coyotes (Table 2.2). Across all species, the average
tuna can sink depth was 5.8 cm, which was shallower than the average sink depth of all species
except bobcats (4.8cm; Table 2.1). Despite performing poorly for moose (pR? = 0.16), the tuna
can was a surprisingly good predictor of sink depth across all species (pR? = 0.50). Hand-
hardness varied widely in its ability to predict sink depth, as the best predictor for cougars and
wolves but performing poorly for coyotes and bobcats (maximum pR? = 0.25). Across all species
and all variables, the 0-10 cm and 0-20 cm metrics nearest the surface ranked among the best

predictors, whereas the 0-50 cm metrics consistently ranked last.

2.4.2 Multi-Taxa and Regional Comparison
Across all species, AvgDens(-20 was the best performing predictor (pR’ = 0.51) for sink

depth, followed closely by AvgDens0-10 (pR? = 0.51) and AvgTuna (pR?> = 0.50; Table 2.2).

40



AvgDens0-30 (pR’ = 0.49), AvgHHO0-10 (pR? = 0.47), and AvgHHO0-20 (pR*> = 0.47) also
performed well. The relationship between sink depth and density varied by region for moose but
not for coyotes or wolves (Appendix A). With some variation at low densities (<150 kg/m?),
moose sank deeper for a given snow density in Washington compared to Alaska (Figure 2.3;
Appendix A). Coyote and wolf sink depths in Washington and Alaska were similar across all
densities except lighter than 170 kg/m?, where Washington canids sank slightly deeper (Figure

2.3; Appendix A).
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Figure 2.3. Regional differences in sink depth-snow density relationships for (a) moose, (b)
coyotes, and (c) wolves. Fitted lines and 95% confidence intervals (grey bands) from generalized
additive models with region as an interaction term (Alaska = purple; Washington = green) are
shown. The relationship between sink depth and snow density (0-20cm; AvgDens(0-20) varied by
region for moose but not did vary for coyotes or wolves. Full regional analysis results are shown

in Appendix A.
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2.4.3 Thresholds of Support

Segmented linear models provided a similar representation of snow-sink depth
relationships as the more flexible GAMs for all species (Figure 2.4). The best performing model
included a breakpoint at 280 kg/m? (95% CI: 240-330 kg/m?) for bobcats, 310 kg/m? (95% CT:
280-350 kg/m?) for cougars, 220 kg/m?® (95% CI: 200-230 kg/m?) for coyotes, and 270 kg/m?
(95% CI: 240-300 kg/m?) for wolves (Table 2.3). At light snow densities (<200 kg/m?), predator
sink depth changed rapidly until a breakpoint, after which the sink depth changed an
insignificant amount. Ungulate sink depths followed a similar pattern, with breakpoints at 360
kg/m?3 (95% CI: 280-430 kg/m?) for caribou, 300 kg/m? (95% CI: 240-370 kg/m?) for deer, and
360 kg/m? (95% CI: 280-450 kg/m?) for juvenile moose. Sink depths for adult moose were best
predicted by an unmodified linear model of AvgDens0-20 (Table 2.3). For species with sink
depth best modeled by breakpoint regression, sink depths at the breakpoint ranged from 2-13 cm
(5%-16% of hind leg length) and did not appreciably change after the breakpoint (Figure 2.4).
The breakpoints can therefore be considered thresholds of support, critical snow densities above
which the animal does not sink into the snow appreciably (Sivy et al. 2018). For adult moose, we
used the fitted linear model to calculate a threshold of support analogous to those of the other
species. We calculated the average sink depth across all other species as a proportion of hind leg
length and used this value (9.2%) to estimate a comparable depth for adult moose (11 cm). This
threshold of support for adult moose was 410 kg/m? (95% CI: 380-450 kg/m?), which

corresponded to an inflection point in the GAM curve (Figure 2.4G).

42



Table 2.1. Species track summary and distribution by study area. Due to low sample sizes, we did not analyze snow property-sink
depth relationships for Dall sheep. Species included in these analyses are in bold. Due to large variations in morphology due to age
class, gender, and region, hind limb length and foot loading values should be considered as general estimates rather than precise
values. Sources: 2 Kilbourne & Hoffman (2013); ® Garland & Janis (1993); ¢ Lankester et al. (1993) (33-week-old moose calf); ¢ Telfer

& Kelsall (1984); © Murray & Lariviere (2002).

Average Average Average " n Foot
Species Track Track Track Sink Total Okar’fo an NE AnK Hind Leg Length (cm)  Loading
Width (cm) Length (cm) Depth (cm) g WA (g/cm?)
Bobcat 5.4 5.4 4.8 44 39 5 0 43.7* NA
Caribou 12.2 13.1 19.8 51 0 0 351 101.2° 190¢
Cougar 9.8 9.5 12.4 39 38 1 0 71.12 NA
Coyote 6.0 7.0 7.7 185 122 8 55 44.0° 160°
Dall Sheep 5.2 7.2 6.4 6 0 0 6 NA 330¢
80.9 (O. virginianus)®; q
Deer 5.6 7.3 16.6 67 66 1 0 78.2 (0. hemionus)® 490
Moose-Adult 11.8 143 36.4 150 50 12 88 123.8° 650¢
Moose- c
Juvenile 10.3 1.8 282 35 4 0 3l 662 NA
Wolf 10.5 11.4 9.7 130 57 8 65 65.7 180°¢
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Table 2.2. Evaluation of snow variables as predictors of sink depths for seven mammal species. Pseudo-R2 values (proportion of
deviance explained) from univariate generalized additive models are shown. AvgDens = snow surface density; IceTop = presence of
ice layers; AvgHH = thickness-weighted hand-hardness average; AvgTuna = sink depth of cylindrical penetrometer; Totallce =
cumulative ice thickness. We measured snow properties at multiple depth horizons (in 10cm increments) for some variables. The best

performing depth class of each variable for each species is in bold, and the best overall predictor for each species is starred.

Variable Range Bobcat Caribou Cougar Coyote Deer Moose-Adult Moose-Juvenile Wolf  All Species

AvgDens0-10  23-502 030  0.77*  0.29 0.18  0.29 0.43 0.85* 0.44 0.51
AvgDens0-20  38-523 (.29 0.77 0.30 020 0.33 0.57* 0.80 0.35 0.51%
AvgDens0-30  60-516  0.27 0.77 0.33 0.17  0.33* 0.52 0.82 0.30 0.49
IceTop10 0-1 0.11 0.19 0.13 0.01  0.06 0.06 0.28 0.14 0.33
IceTop20 0-1 0.04 0.15 0.15 0.01  0.07 0.10 0.36 0.05 0.31
IceTop30 0-1 0.01 0.18 0.18 0.01  0.15 0.09 0.26 0.02 0.31
IceTop40 0-1 0.01 0.08 0.15 0.00  0.15 0.10 0.33 0.01 0.30
IceTop50 0-1 0.00 0.07 0.15 0.00  0.15 0.03 0.27 0.01 0.30
AvgHHO-10 1-5 0.24 0.64 0.34 0.13  0.28 0.20 0.58 0.44* 0.47
AvgHHO0-20  1-4.95  0.19 070  0.37* 012  0.29 0.35 0.76 0.35 0.47
AvgHHO0-30  1-4.97  0.18 0.67 0.25 0.06  0.24 0.34 0.57 0.26 0.43
AvgHHO0-40  1-4.81  0.25 0.61 0.20 0.05  0.22 0.37 0.61 0.21 0.42
AvgHHO-50  1-4.81 (.23 0.47 0.17 0.05 0.18 0.36 0.59 0.20 0.40
AvgTuna  0-31.3 0.34*  0.62 028  0.23* 0.30 0.16 0.83 0.41 0.50
Totallcel0 0-10  0.17 0.21 0.21 0.02  0.07 0.13 0.54 0.14 0.35
Totallce20 0-19  0.14 0.17 0.13 0.03  0.07 0.24 0.54 0.11 0.35
Totallce30 0-29  0.05 0.19 0.16 0.03  0.10 0.22 0.54 0.10 0.34
Totallce40 0-29  0.07 0.15 0.16 0.03  0.14 0.24 0.39 0.08 0.35
Totallce50 0-31  0.05 0.14 0.16 0.05 0.14 0.18 0.39 0.05 0.34
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Figure 2.4. Comparison of segmented linear regression (solid lines), generalized additive models

(dashed lines), and thresholds of support (vertical dashed lines) for sink depth-snow density

relationships for (a) bobcats, (b) cougars, (c) coyotes, (d) wolves, (e) caribou, (f) deer, (g) adult
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moose, and (h) juvenile moose. A one-breakpoint segmented regression best fit all species except
adult moose. Shading shows 95% confidence intervals for the breakpoint regressions, which fit

separate linear regressions for each segment.

2.4.4 Peak Danger Zones

All ungulate species had identifiable danger zones (Figure 2.5), defined as ranges of
snow conditions where prey species sink deeper than predators relative to leg length. These
danger zones peaked at intermediate snow densities: the density associated with maximum
danger ranged from 190 kg/m?® (deer-wolf and juvenile moose-wolf) to 340 kg/m? (deer-cougar;
Table 2.4). Caribou had the lowest danger peaks, sinking only 6% deeper than wolves, in relative
terms, at 200 kg/m?® (Figure 2.5). In contrast, all sampled snow densities (110-460 kg/m?)
represent deer-wolf danger zones, and deer had a relative mobility disadvantage compared to all
predators at densities above 210 kg/m?. Adult moose had broad danger zones for cougars (200-
450 kg/m?) and wolves (140-460 kg/m?). Most sampled snow densities represented danger zones
for juvenile moose (Table 2.4), although at narrow, moderate-density ranges juvenile moose
gained a slight movement advantage over cougars (300-390 kg/m?) and wolves (340-380 kg/m?).
Juvenile moose had the greatest relative mobility disadvantage of all ungulates studied, sinking

18% less than cougars at 200 kg/m? and 31% less than wolves at 190 kg/m? (Table 2.4).
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Figure 2.5. Peak danger zones for (a) caribou, (b) deer, (c) adult moose, and (d) juvenile moose
relative to sympatric predators. The y-axis represents the difference between prey and predator
sinking depth, calculated relative to hind leg length (see Table 2.1). Positive values represent
snow densities where prey sink to deeper relative depths than predators, defining “danger zones,”
wherein predators have comparative movement advantage. Negative values represent densities

where the ungulate has a relative movement advantage.
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Table 2.3. Model selection for breakpoint regression model predicting animal sink depths using average near-surface (0-20cm) snow

density. We determined support for model type (ie, linear vs. segmented) based on AAIC.. For each species, we used AIC, to

determine whether adding a breakpoint would be more informative compared with a simpler standard linear model. If either the

segmented or the linear model was more than 2 AIC. lower (AAIC. > 2) than the other, we selected that as the best fitting model. If the

change in AIC. was less than 2 between the segmented and linear models (AAIC. < 2), we determined that there was equivalent

support for both models and therefore selected the segmented model, as our goal was to identify thresholds of support if present. For

species with a segmented best fit, the slope of the final segment was not significantly different than zero, indicating that the breakpoint

corresponds with a threshold of support.

Linear Model Segmented Linear Model Best-fitting Model
Threshold of
Species Log Adjusted Log Adjusted Model Support Intercept .
Likelihood | 1€ | "R? | Likelihood | A1 | g2 Shape (95% CI: (cm) | Cocflicient(s)
kg/m?)

Caribou -176.602 | 359.7 0.71 -175.113 | 361.6 0.71 Segmented 360 57.6 £ 8.8 0.15+0.04;
(280-430) -0.03+0.14

300 -0.14 £ 0.06;

Deer -240.043 | 486.5 0.43 -237.249 | 485.5 0.46 Segmented (240-370) 548 +13.2 20.04 - 0.08

Moose- Non- 410

Adult -576.098 | 1158.4 0.52 -575.123 | 1160.7 0.52 segmented (380-450) 64.8+49 | -0.13+£0.02
Moose- 360 -0.18 £ 0.05;

Tuvenile -125.939 | 258.7 0.68 -122.078 | 256.2 0.73 Segmented (280-450) 66.3+9.7 0.01+0.16
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Table 2.3. Continued.

Linear Model Segmented Linear Model Best-fitting Model
Threshold of
P eiad | ACe | AT | Lo | Atce | AT 1;41;1(361 (glslgﬁ)%ri Inﬁiﬁﬁm Coefficient(s)
kg/m?)

Bobcat | -115206 | 237 | 045 | -112103 | 2358 | 050 | Scgmented g = 5 | 310105 ook
Cougar | -132.649 | 272 | 058 | -124.508 | 260.8 | 0.71 | Segmented (283)12 sg | 671 144 BTy
Coyote 566.648 | 1139.4 | 043 | -535904 | 1082.1| 058 | Scgmented (203)%33 5| 506%80 '_%%%i%%‘;;
Wolf 39947 | 805.1 | 053 | 387693 | 7859 | 0.60 | Segmented [ 4%?20 5| 41060 %1)33 i%‘%i;
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Table 2.4. Danger zones for caribou, deer, and moose. Danger zones are defined as near-surface (0-20cm) snow densities where the
predator sinks less than sympatric prey, relative to hind leg length. Peak danger is the maximum difference in relative sink depth
between predator and prey, quantified by dividing sink depth by hind leg length. If the predator never sinks less than the prey, there is

no elevated danger to the prey species and therefore no danger zone.

Bobcat Cougar Coyote Wolf
Peak Danger Peak Danger Peak Danger Peak Danger
Danger (95% CI); (95% CI); (95% CI); Danger (95% CI);
Prey Zone Range Density Danger Zone Density Danger Zone  Density Zone Range Density
Species  (kg/m?) (kg/m?) Range (kg/m?)  (kg/m?) Range (kg/m?) (kg/m?) (kg/m?) (kg/m?)
: 4% (-3- 6% (-3-
Caribou NA NA NA NA 160-330 11%): 230 140-340 14%): 200
i 14% (9- 6% (1-10%); 9% (3-15%); 11% (0-
Deer 190-420 18%): 280 210-450 340 130-460 240 110-460 22%): 190
Moose- 12% (4- 17% (11-
Adult NA NA 200-450 19%): 280 NA NA 140-460 22%): 260
Moose- 180-300; 390- 18% (-5- 110-340; 31% (18-
Juvenile NA NA 450 39%): 200 NA NA 380-460  45%): 190
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2.5 Discussion

Snow is a critical yet understudied component of winter ecology for large mammals
across the Northern Hemisphere, as even subtle changes in snow conditions may favor some
species over others (Boelman et al. 2019; Peers et al. 2020). Our study delineates the
characteristics in near-surface snow properties that correlate with shifts in wildlife sink depth, a
close proxy for energy expenditure and overall vulnerability to predation or conversely, hunting
success (Dailey & Hobbs 1989; Fancy & White 1987; Créte & Lariviere 2003). Thresholds of
support varied among species largely as expected based on foot loading, with surprisingly similar
relationships across our study regions. Despite major differences in body sizes and foot loading
among focal species, “danger zones” peaked at intermediate near-surface snow density values of
200-300 kg/m? for eight of the ten ungulate-carnivore pairs. As the climate continues to change
and alter snow properties, our findings indicate that shifts in the distribution and abundance of
snow within this density range will be most consequential in tipping the balance in favor of
predators or prey.

Predator strategy has a major role in determining whether snow helps or hinders hunting
success. Although predation strategy may be more of a spectrum than a binary classification
(Gittleman 1985; Scharf et al. 2006), cursorial predators such as wolves and coyotes typically
travel long distances to locate prey before engaging in a chase (Wilmers et al. 2007). In contrast,
stalking predators such as bobcats and cougars make localized search movements (Bailey et al.
2013; Makin et al. 2017) and use land cover or terrain features to stalk prey until close enough
for a sudden attack (Wilmers et al. 2007; Bailey et al. 2013; Makin et al. 2017). The increased
distances covered by cursorial predators may lead to higher energetic expenditures than more

sessile stalking and ambush predators, especially when deep, low-density snow is present (Créte
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& Lariviere 2003; Scharf et al. 2006). However, this cost may be offset by impaired escape
abilities of prey in deep snow, especially when conditions result in a movement advantage for
predators relative to ungulate prey (i.e. danger zones). Such locomotion advantages may
manifest as greater hunting success (Huggard 1993), more frequent kill rates (Nelson & Mech
1986; Huggard 1993; Jedrzejewski et al. 2002), and greater opportunities to kill larger
individuals or species compared with snow-free hunting (Peterson et al. 1984; Post et al. 1999;
Smith et al. 2003). Because snow conditions and prey escape capability more strongly shape
predation success for coursers than ambushers (Husseman et al. 2003), cursorial predators may
benefit more than stalking predators from exploiting danger zones. In our system, cougars also
had narrower danger zones and lower peaks than wolves for both deer and moose, indicating that
wolves may have a relative hunting advantage over a wider range of snow densities because of
their morphology (longer legs and lower foot loading) compared to cougars. Thus, hunting mode
and morphology can both affect the importance of snow density for the hunting success of
carnivores, which may subsequently influence how strongly predation rates vary with snow
conditions.

As snow-adapted species with the lowest foot-load of ungulates we studied, caribou had
the lowest peak danger (Figure 2.5; Table 2.4). Deer, in contrast, had compromised movement
relative to predators at nearly all snow conditions sampled, and the effect of snow density on
their vulnerability varied substantially among predators. For example, wolves had a mobility
advantage of 5-10% across the full range of sampled densities, whereas cougars did not have a
mobility advantage until density exceeded 200 kg/m?. Both moose and juvenile moose had high
peak danger compared with other predator-prey pairs, with cougars and wolves having a relative

mobility advantage in most snow conditions (Figure 2.5; Table 2.4). Thus, climate-induced
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changes to snow density may have relatively large and predictable impacts on moose-predator
interactions, relatively minor impacts on caribou, and impacts on deer that may depend on
carnivore community composition. Given that large mammals are known to select for terrain and
fine-scale features that reduce their sinking depth (Murray & Boutin 1991; Lingle 2002; Kolbe et
al. 2007; Droghini & Boutin 2017), the specific snow properties defining each predator-prey
danger zone peak can inform multi-species models of habitat selection and species interactions.

Our assessment of five snow metrics across multiple depth classes can help ecologists
prioritize measuring the more effective metrics (Kinar & Pomeroy 2015). Of particular note was
the effectiveness of the simple tuna can (cylindrical penetrometer). The average surface
penetration of the tuna can captured the majority of overall variability in sink depth by species
(Table 2.2), was the second-best overall predictor, and can be used as a proxy for our best
predictor (AvgDens0-20; Appendix A). The tuna can especially excelled at quantifying conditions
for smaller-bodied species: the relationship between tuna can sink depth and animal sink depth
was nearly 1:1 for both coyotes and bobcats, suggesting the tuna can’s force of impact and
surface area are similar to the force exerted by smaller predators. Furthermore, this inexpensive
instrument is lightweight, easy to carry in the field, and quick to deploy, all of which are key
considerations in an extended field campaign. We join a number of other studies finding similar
penetrometers effective for wildlife applications (Murray & Boutin 1991; Kolbe et al. 2007;
Pozzanghera et al. 2016; Sivy et al. 2018; Peers et al. 2020) and encourage future researchers to
consider this easily accessible snow measurement tool.

Although near-surface density was the strongest predictor of wildlife sink depth, sink
depth is a function of multiple interacting physical properties, of which density is only one

component. The influential role of unaccounted-for snow properties may explain some of the
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variability among species in how well our measured snow properties explained sink depths.
Because our sampling was widely distributed both temporally and spatially, we likely included
samples with wide ranges of these unaccounted-for snow properties. For example, several
centimeters of light new snow on top of a dense wind slab would be averaged into a single
moderate value in our 0-10 cm density measurement, but this snowpack would affect sink depth
differently than a homogenous layer of the same moderate density. This unaccounted-for
heterogeneity may have affected smaller-bodied species like coyotes, which had the lowest
deviance explained in sink depths. Although we found that near-surface snow density was
consistently the best predictor of wildlife sink depth, sampling with a finer-resolution density
cutter to measure snow density at sub-10 cm increments could help refine sink depth
relationships.

We did not examine the role of snow depth, one of the most widely used proxies of
snow’s impact on large mammals (Nelson & Mech 1986; Murray & Boutin 1991; Pedersen et al.
2021; Borg & Schirokauer 2022). Because our goal was to quantify thresholds of support, we
surveyed only tracks where animals were supported above the bottom of the snowpack, biasing
our site selection towards areas with deeper snow. An extensive body of literature suggests that
total snow depth is a major driver of habitat selection, movement, and predator-prey interactions
(Nelson & Mech 1986; Mahoney et al. 2018; Horne et al. 2019; Cunningham et al. 2022).
Compared to snow depth, snow density has received far less than attention as a driver of wildlife
dynamics, but our findings highlight the importance of near-surface density for movement
efficiency and predator-prey interactions. We expect that snow depth should have the greatest
impact on energetics of movement where snow densities fall below the thresholds of support we

identified, and hunting success should be most affected by snow depth in areas where snow
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densities fall within danger zones. Coupling near-surface snow density with snow depth
measurements should greatly enhance our ability to determine how snow affects wildlife
movement and predator-prey dynamics.

The broad geographic scope of our study allowed us to analyze whether the relationship
between snow properties and animal sink depth changed by region. We did not observe regional
differences in sink depth-snow density relationships for coyotes or wolves, but we found that
moose sank deeper in Washington than Alaska for intermediate snow densities (Figure 2.2).
Furthermore, we found that track dimensions for coyotes, moose, and wolves were larger in
Alaska than in Washington (Appendix A), and other studies indicate that all three of these
species have larger body sizes in northern regions than further south (Ashton et al. 2000;
Herfindal et al. 2006; Meiri et al. 2007). This pattern may indicate that the larger foot surface
areas we observed for all species in Alaska compared to Washington (Appendix A) more than
compensate for the effect of a larger body size in terms of determining foot loading and
subsequent sink depth. However, the regional differences we observed were relatively minor,
indicating that the relationships and thresholds we quantified here should apply broadly across
other regions, populations, and snow classes.

Our analyses across ten predator-prey pairs offer a community-based framework to assess
the biological impact of snow. By integrating our results with animal location data and spatially
and temporally explicit snow models (Liston & Elder 2006), future efforts can determine what
role snow support thresholds have in determining habitat selection. By modeling the geographic
distribution of danger zones across the landscape, our work can predict the areas where prey are
most at risk, or where predators may find it increasingly difficult to hunt. Winter kill site

investigations offer an opportunity to explicitly consider the role of snow in predation events,
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and quantifying snow properties along the chase and kill sequences would further enhance our
understanding of danger zones. Climate change may already be reducing danger zones, as major
observed impacts on snowpack include lower overall snow-water equivalent values (Kapnick &
Hall 2012), increased mid-winter melting (Musselman et al. 2021), decreased spatial coverage
(Pulliainen et al. 2020), and shorter winters (Derksen & Brown 2012). These changes may
collectively shift snow to denser, more ungulate-favorable conditions, as well as give predators
fewer days and less snowy terrain to exploit their advantage. Understanding when and where
danger zones occur remains an outstanding, urgent need for resource managers to anticipate and

proactively adapt to changing snow conditions.
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CHAPTER 3: APEX PREDATORS EXPLOIT ADVANTAGEOUS SNOW

CONDITIONS ACROSS HUNTING MODES

Publication history: A version of this chapter was previously published in Journal of Animal
Ecology. The full citation for this publication is:
Sullender, B.K., T.R. Ganz, R. Mower, J.D. Lundquist, B.N. Kertson, T.M. Newsome,
A.J. Wirsing, and L.R. Prugh. 2025. Apex predators exploit advantageous snow
conditions across hunting modes. Journal of Animal Ecology

https://doi.ore/10.1111/1365-2656.70170.

3.1 Abstract

Apex predators balance functional traits, habitat features, and prey distribution to maximize
hunting efficiency. As components of habitat such as snow cover are altered by climate change,
functional traits may prove more or less effective given new environmental conditions, with
ecosystem-wide impacts as a result of changing predator-prey interactions. Hunting mode is one
such functional trait that shapes which environments are best for catching prey. Coursing large
carnivores may exploit snow conditions that offer movement advantages, with long chase
sequences maximizing their superior mobility over large-bodied ungulate prey that typically sink
deeper into snow. However, comparatively little is known about whether stalking predators
utilize snow similarly, despite similar theoretical movement advantages over prey. In this study,
we examined the effects of snow on two sympatric predators with different hunting strategies:
cougars (Puma concolor; stalking predators) and wolves (Canis lupus; coursing predators). We

coupled a physically based snow model with kill site investigations and telemetry data from 50
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cougars, 14 wolves, 142 mule deer (Odocoileus hemionus), and 90 white-tailed deer (O.
virginianus) collected from 2017-2021 in Washington state, USA. We first created winter deer
distribution models for each year to control for expected prey density. We then generated step
selection functions for cougars and wolves using this deer index, snow properties, and other
landscape characteristics hypothesized to influence the hunting process. The interaction between
snow depth and density shaped both predators’ movements and was an unexpectedly strong
driver of cougar winter movements and kill site distribution. Wolves weakly selected for shallow
(<35cm), low density (<200kg/m?) snow, and avoided deeper snow unless sufficiently dense
(>350kg/m?). Cougars selected for very dense (>400kg/m?), moderate-depth (<50cm) snow and
avoided deep snow. Snow depth and density had similar effects on cougar kill site selection (n =
389 known and probable cougar kills; insufficient sample size for wolves). Our results indicate
that snow is a critical component of large carnivore movements regardless of hunting mode. In a
warming climate, the knock-on effects of a diminishing snowpack may reduce the hunting
success of multiple large carnivore species, consequently altering predator-prey dynamics with

cascading ecosystem-wide effects.

68



3.2 Introduction

Predator-prey interactions are critical to ecosystem structure and function (Estes et al.,
2011; Ripple et al., 2014). Both the consumptive and non-consumptive components of these
interactions are shaped by when and where predators most effectively hunt, which is itself a
product of habitat domain and predator functional traits such as hunting mode (Huey & Pianka,
1981; Lima, 2002). For example, lions (Panthera leo) rely on tall grass for concealment to stalk
their prey, which nearly quadruples hunting success rates when compared to short grass
(Hopcraft et al., 2005; Orsdol, 1984). As climate change alters habitat characteristics, however,
the places and times most productive for predators are shifting (Morin et al., 2021; Peers et al.,
2020). New environmental conditions may better align with the functional traits of some
predators while rendering other traits less effective or even maladaptive (Elmhagen et al., 2017,
Peers et al., 2020). To better forecast what ecosystems will look like in the future, therefore,
quantifying the interplay between predator functional traits and climate-sensitive habitat
components remains a question of paramount importance.

Advances in animal tracking technology (Wilmers et al., 2015), statistical analysis
(Thurfjell et al., 2014), and environmental data products (Reinking et al., 2022) have enabled
researchers to examine the relationship between wildlife species and components of habitat that
vary both spatially and temporally (Ganz, DeVivo, et al., 2024). In particular, seasonal snow
cover has been increasingly identified for its capacity to transform predator-prey interactions
(Reinking et al., 2022; Sullender et al., 2023). As wildlife move through a snow-covered
landscape, their energy expenditure and overall mobility are largely determined by the depth that
they sink into the snow with each step (Dailey & Hobbs, 1989; Parker et al., 1984), which is

strongly influenced by snow properties such as depth and density (Glass et al., 2021; Mahoney et
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al., 2018; Sivy et al., 2018; Sullender et al., 2023). The foot morphology of carnivores generally
provides more surface area per unit body mass (i.e., lower foot loading) than ungulate prey, so at
a given snow depth and density, carnivores sink less into the snow and are afforded a relative
movement advantage (Murray & Lariviere, 2002; Sullender et al., 2023; Telfer & Kelsall, 1984).
Furthermore, because snow restricts access to forage for herbivores and compounds increased
energy expenditure during harsh winter conditions, ungulate body condition tends to deteriorate
over the course of the winter as weaker individuals become more susceptible to predation (Ganz,
Bassing, et al., 2024; Husseman et al., 2003; Wilmers et al., 2020). Snowy winters thus provide a
two edges for predators: superior hunting conditions and increasing prey vulnerability.
Consequently, snow has been implicated in altering both predator and prey activity patterns
(Cunningham et al., 2022; Droghini & Boutin, 2018), habitat selection (Pedersen et al., 2021),
and predation success rates (Horne et al., 2019; Mech et al., 2001), with potentially cascading
effects on wildlife demography (Van de Kerk et al., 2020) and population dynamics (Borg &
Schirokauer, 2022) across multiple trophic levels (Post et al., 1999).

Specific snow conditions give large carnivores a comparative movement advantage over
ungulate prey (Sullender et al., 2023), but whether such predators actually exploit that theoretical
advantage may depend on functional traits and habitat selection. Hunting mode is among the
most important functional traits for predators (Huey & Pianka, 1981; Schmitz, 2008; Schmitz et
al., 2004). Predators can be broadly categorized as using either cursorial or stalking hunting
modes, although there may be more of a gradient than discrete states (Scharf et al., 2006).
Cursorial predators like gray wolves (Canis lupus, hereafter referred to as wolves) and cheetahs
(Acinonyx jubatus) typically undertake long chases when targeting mobile ungulate prey, and

utilize open and relatively flat habitat to enhance prey detection and initiate pursuit (Bergman et
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al., 2006; Mills et al., 2004; A. M. Wilson et al., 2013). Cougars (Puma concolor), leopards
(Panthera pardus), and other stalking predators, in contrast, prefer to utilize rugged terrain and
habitat with structural complexity that enables undetected approaches and a sudden attack with
minimal chase distance (Hopcraft et al., 2005; Owen-Smith, 2019; J. A. Smith et al., 2019).
Accumulated snow should enhance the predator movement advantage over the chase distance
(Sullender et al., 2023), resulting in a potentially greater benefit for cursorial than stalking
predators in snowy habitats. This distinction is hypothesized to explain why wolves, for example,
appear to benefit from deeper snow with higher kill rates (Nelson & Mech, 1986) and larger prey
size (Horne et al., 2019; Post et al., 1999), whereas the limited evidence examining how snow
affects cougar predation suggests that snow has weak, if any, influence (Atwood et al., 2009).

In this paper, we integrate physically-based snow model outputs with GPS location data
of two sympatric apex predators — cougars and wolves — and their ungulate prey in Washington
state, USA, to test the hypothesis that snow properties have a stronger influence on winter
movements of coursing predators than stalking predators. The energetic costs of moving through
snow can increase exponentially as the animal’s sink depth exceeds half of its chest height, and
this sink depth is jointly influenced by the depth and density of snow (Dailey & Hobbs, 1989;
Fancy & White, 1987; Parker et al., 1984; Sullender et al., 2023). Thus, we expect snow density
to have the greatest influence on animal movement in areas with deep snow, which should result
in an interaction between snow depth and density as predictors of apex predator habitat selection.
Additionally, we expect a similar directional influence of these two snow properties on cougar
kill site locations, with kills more likely to occur in areas with deep, dense snow. By examining

the interplay between functional traits and the dynamic components of predator habitat selection,
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our study provides new insights on the influence of snow conditions on apex predators in a

rapidly warming world.

3.3 Materials and Methods

3.3.1 Study Area

Our study occurred in two areas within Washington state, USA (Fig. 1). The Okanogan Study
Area (approx. 47.9—49.4N, ~119.3—-120.8W) and the Northeast Study Area (approx. 47.7—49.2N,
~116.5-118.4W) span about 5,000 km? each. These areas encompass a diverse range of
vegetation and landforms, from steep, barren mountain sides at high elevations to dense conifer
forests and open sagebrush (Artemisia spp.) slopes at lower elevations. The upper elevations (i.e.,
>1200m) of both regions are typically snow-covered from mid-November until early May
(Natural Resources Conservation Service, 2023, 2024). Lower elevations (~400m) present a
greater human footprint with communities, roads, timber harvest, and agriculture. A diverse large
mammal community inhabits both areas, with widespread mule deer (Odocoileus hemionus),
white-tailed deer (O. virginianus), cougar, wolf, coyote (Canis latrans), and bobcat (Lynx rufus)
populations. Although alternate prey such as elk (Cervus canadensis) and moose (Alces alces)
are also present, mule deer and white-tailed deer comprise the vast majority of our focal

carnivores’ winter diets in both areas (author paper, unpublished).
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Figure 3.1. Location of Okanogan and Northeast study areas within the state of Washington,

USA (top-right inset) and apex predator home ranges for cougars (a) and wolves (b).

3.3.2 Collar Data

We used wildlife telemetry data from the Washington Predator-Prey Project, as described
in Bassing et al. (2023). GPS collars were deployed on cougars, wolves, mule deer, and white-
tailed deer between 2016 and 2021, and programmed to collect locations every four hours for all

species except wolves, whose fix rates varied between 2-12 hours. Mule deer were collared in
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the Okanogan study area, white-tailed deer were collared in the Northeast study area, and wolves
and cougars were collared in both areas (Fig. 1). All animal handling was performed in
accordance with University of Washington Institutional Animal Care and Use Committee
guidelines under Protocols 4226-01 and 4381-01, Washington Department of Fish & Wildlife
permits 20-290 and 17-162, and followed standards recommended by American Society of
Mammalogists (Sikes & Gannon, 2011).

We used winter-only GPS locations of collared deer (n = 361 animal-years for 142 unique
mule deer; n = 143 animal-years for 90 unique white-tailed deer; 2016-2021) to construct
resource selection functions (RSFs; C. J. Johnson et al., 2006) that quantified relative habitat
selection for deer at a 30m spatial resolution and on an annual time step (full details presented in
Appendix B). These RSFs model the likely distribution of both predators’ primary prey across
our two study areas, with the outputs combined into a single output (hereafter, deer index).

For carnivores, we filtered all GPS data to keep only winter (December 1 - March 15;
Ganz et al., 2022) locations. Because the fix rate on wolves varied depending on individual,
collar, and year, we resampled all data to a common four-hour fix rate using a 30-minute
tolerance. We omitted all individuals with 50 or fewer observations per winter, resulting in 50
unique cougars and 14 unique wolves (from 11 packs) distributed across the five years of our

study (Table 1).
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Table 3.1. Summary of carnivore collar data used in this study.

n n n n n
All
Region collared collared collared collared collared
Years
Species 2017 2018 2019 2020 2021
Cougar Okanogan 6 9 11 4 1 31
Northeast
Cougar 6 11 23 17 8 65
WA
Cougar Total 12 20 34 21 9 96*
Wolf  Okanogan 0 1 2 3 3 9
Northeast
Wolf 1 5 4 1 3 14
WA
Wolf Total 1 6 6 4 6 23*

Notes: *Because some individuals were collared for multiple years, a total of 50 unique cougars
were included in the 96 total cougar animal-years of data, and a total of 14 unique wolves from

11 packs were included in the 23 total wolf animal-years of data.

3.3.3 Snow Properties and Landscape Covariates

We used a distributed snow-evolution modeling system to model wildlife-relevant snow
properties (SnowModel; Liston & Elder, 2006). SnowModel combines spatially and temporally
distributed meteorological variables with topography and land cover type, numerically solving
physical processes such as blowing-snow redistribution, canopy interception, and snow density
evolution at user-specified spatial and temporal steps (Liston & Elder, 2006). We used NASA’s

Center for Climate Simulation Discover supercomputer to run a parallelized version of
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SnowModel (Mower et al., 2024) at a 30m grid increment with a 3-hour forcing time step, and
daily aggregated output snow depth (m) and snow density (kg/m?). To validate the model, we
intersected output with observations from the Natural Resources Conservation Service Snow
Telemetry stations and field measurements. Full details are presented in Appendix B.

To account for landscape features aside from snow and prey distribution that could
influence predator movements, we used a combination of static and dynamic variables. Terrain
ruggedness index (TRI; M. F. J. Wilson et al., 2007) and slope remained unchanged throughout
our study period and have been shown to be important components of suitable habitat for large
mammals in our system (Bassing et al., 2023; Ganz et al., 2022). We first accessed elevation data
for both study areas (30m resolution; Farr et al., 2007) and used the R package terra (Hijmans,
2024) to calculate TRI and slope.

Because we were interested in predator responses to dynamic covariates, we used
annually updated land-cover data from TerrAdapt:Cascadia (30m resolution; TerrAdapt, 2022).
These datasets use remote sensing to identify changes in land cover. We used canopy cover and
combined vegetation classes into three broad categories: open (snow/ice, barren, emergent
wetland, mesic grass forb, and xeric grass forb), shrub (mesic shrub and xeric shrub), and forest
(woody wetlands, deciduous, and conifer). We used the median step length to extract percent
cover within a species-specific moving window (180 m radius for cougars and 570 m radius for
wolves) to better assess perceived availability (Ganz et al., 2022). We split predator GPS location
data by year and extracted each year’s landscape covariates — TRI, slope, and land cover — using
terra (Hijmans, 2024). With the annually updated deer indices predicting the relative winter
distribution of deer across the landscape, we extracted the deer index value at each used and

available predator location.
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3.3.4 Modeling Framework

We used step-selection functions (SSFs) to quantify the relative influence of snow
properties, deer distribution, and other landscape variables on cougar and wolf movements
(Fortin et al., 2005; Thurfjell et al., 2014). By parameterizing available steps using the observed
distribution of turn angles and step lengths, SSFs explicitly account for both the non-
independence of sequential locations and individual-specific movement patterns (Avgar et al.,
2017; Thurfjell et al., 2014). Our use of SSFs aligns with 3™-order habitat selection, assessing
animal movement within home ranges (D. H. Johnson, 1980). We used the amt package (Signer
et al., 2019) to randomly generate 10 available points per observed location, using a von Mises
distribution for turning angle and a gamma distribution for step length (Thurfjell et al., 2014).

We constructed a set of conditional generalized additive models (GAMs) to predict how
environmental covariates influence predator step selection. GAMs use splines to model non-
linear relationships between predictors and the response variable, and are particularly useful
when thresholds or complex interactions are expected (Wood, 2017). We used tensor products to
model interactions between smoothed terms (Wood et al., 2013). We used the Cox proportional
hazard model to fit a conditional logistic regression (i.e, the SSF) using the mgcv package in R
with restricted maximum likelihood (Klappstein et al., 2024; Wood, 2017). In all GAMs, we used
thin-plate splines and four basis functions (i.e., k = 5) as a compromise between precision and
computational efficiency. We first screened all covariates for collinearity and excluded highly
correlated variables (|r] > 0.7) from the same model. We then ranked candidate models based on
Akaike’s information criterion (AIC), which accounts for goodness of fit while penalizing
models with additional parameters (Anderson & Burnham, 2002). We selected the models with

lowest AIC as the best habitat covariates for use in both full predator-specific models. We
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validated our SSF models using the k-fold cross validation approach recommended by Boyce et
al. (2002), calculating Spearman rank correlation coefficient for five folds of cougar and wolf
data, each with an equal number of animal-years. For each covariate, we generated partial effects
plots, which represent the change in response variable (i.e., step selection) for every unit change
in the predictor variable with all other variables set to zero.

Finally, we constructed average effects plots for both carnivores to aid in interpretation of
how snow properties impact the relative probability of use. Average effects plots illustrate the
change in the relative probability of use as one focal covariate changes, averaged over all
observed values of other covariates, thus better visualizing natural variability and correlation
among covariates (Avgar et al., 2017). Although cougars and wolves experienced slightly
different snow conditions owing to differing home range locations (Appendix B: Figure B2), we
pooled all snow data from both predators’ available steps and calculated lower (<25%) and upper
(>75%) quartiles from the combined distributions to facilitate comparison. We selected the lower
and upper quartiles for density (<200kg/m? and >350kg/m?) and snow depth (<5c¢cm and >30cm),
binning data using these values. Comparing the effect of lower and upper quartiles depicts the

non-linear interaction effects on step selection modeled by our GAMs.

3.3.5 Kill Sites

To determine the location of deer killed by predators in both study areas, we combined
known deer kills from three winters of intensive predator GPS cluster investigations and
mortality locations of collared ungulates (Ganz et al., 2023). We identified and included probable
deer kills by analyzing GPS locations of collared predators (Clark et al., 2014; full details in

Appendix S1: Section S2; Knopff et al., 2009). Due primarily to the challenges of inferring wolf
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behavior from a four-hour GPS collar fix rate, we were only able to field-validate five kill sites
for wolves during our first field season. This low sample size for wolf kills precluded formal
statistical investigation and prevented us from developing a satisfactory algorithm to predict kill
sites from wolf clusters; thus, we limited kill site analysis to cougar clusters.

Because a verified cougar cluster may represent a cached carcass, rather than the actual
kill site, we buffered each cluster location by the typical maximum distance cougars are known
to drag predated deer (i.e., 95m; Blake & Gese, 2016). For each individual cougar in each year,
we conditioned each 95-m buffered kill site (observed locations) against five randomly
generated, 95m-buffered points (available locations) within that individual’s winter home range,
using the same date at observed and available locations to time-match snow conditions. We used
the pandas and xarray libraries in Python (Hoyer & Hamman, 2017; The pandas development
team, 2024) to calculate and extract the median snow depth and density for each buffered
observed and available area. To determine how snow influenced kill site selection, we
constructed a binomial GAM from the mgcv package (Wood, 2017) that fit each habitat covariate
from our predator models (i.e., TRI, canopy cover, percent shrub, and deer index), snow depth,
snow density, and an interaction of snow depth and density with four thin-plate spline smooths (k
= 5). We visualized our results by plotting relative selection strength (Avgar et al., 2017) against
the minimum observed values of snow depth and density, allowing us to quantify the relative
change in kill site selection as these snow variables changed. To represent nonlinear interactions
of snow properties in these relative selection plots, we generated predictions from our kill site

GAM using the same depth and density quartiles as our predator movement modeling.
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3.4 Results

3.4.1 Carnivore Movement

In our predator SSFs, the most parsimonious combination of variables included canopy
cover, deer index, shrub cover, terrain ruggedness (TRI; Figure 3.2), and the tensor product of
snow depth and density as predictors (Figure 3.3). TRI was a better predictor of predator habitat
selection than slope (AAIC > 2; Appendix B: Table B4), and percent shrub and canopy cover
were the most parsimonious, non-correlated vegetation predictors of habitat selection (Appendix
B: Table B5). For both predators, the full tensor product of snow depth and density — analogous
in a generalized linear regression framework to main effects of snow depth and density as well as
an interaction term (Wood, 2017) — performed better than any other combination of snow
variables (AAIC > 2; Appendix B: Tables B6 and B7), either alone, together as separate main
effects, or as an interaction term only. Thus, models for each predator took the general form:

Nie = f(ccy) + f(deery) + f(shry) + f(triy) + g(snody, dens;,), (1)
where, following Klappstein et al. (2024), n is the linear predictor of the SSF for the i-th location
of stratum ¢, f{x) is the smooth function of variable x, cc is canopy cover, deer is deer habitat
suitability, shr is shrub cover, #ri is terrain ruggedness, g(x,y) is the tensor product of variables x
and y, snod is snow depth, and dens is snow density. Our five-fold cross-validation indicated
excellent model performance, with Spearman rank correlation coefficients of 0.949 and 0.940 for
cougars and wolves, respectively.

Terrain ruggedness had the strongest effect on both predators’ step selection patterns,
with cougars strongly selecting for and wolves strongly avoiding rugged areas (> 8 TRI; Figure
3.2d). Cougars avoided open areas and selected moderate-to-high canopy cover (at 0% canopy

cover, partial effect =-0.61 [95% confidence interval: -0.56 - -0.65]; at 60% canopy cover,
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partial effect = 0.43 [95% confidence interval: 0.39-0.46]), whereas wolves selected open areas
and avoided densely forested areas (at 28% canopy cover, partial effect = 0.32 [95% CI: 0.26-
0.39]; at 85% canopy cover, partial effect = -0.69 [95% CI: -0.48- -0.90]; Figure 3.2a). Both
predators weakly avoided areas with very low deer index, but the effects of higher deer index
values on predator movement were less clear (Figure 3.2b). Cougars weakly selected for higher
shrub cover and wolves very weakly avoided moderate shrub cover (all partial effects between -
0.17 and 0.22; Figure 3.2c).

To visualize the effects of interacting snow properties on predator movement patterns, we
constructed average effects plots for cougars (Figure 3.4a,c) and wolves (Figure 3.4b,d). Wolves
selected for low-density snow when it was shallow and avoided low-density snow when deep
(Figure 3.4b), with weak selection for denser snow when deep (Figure 3.4d). However, snow
conditions had a weaker influence on wolf movements than other habitat covariates. Cougars, in
contrast, had strong responses to both snow depth and density (Figure 3.4a,c). Across the range
of snow densities, cougars avoided deeper snow when possible (Figure 3.4a), but if moving

through deep snow, cougars selected for densities > 400kg/m?® (Figure 3.4c¢).
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Figure 3.2. Partial effects plots indicating the relative influence of four predation-relevant
variables (a, canopy cover; b, deer index; ¢, shrub cover; d, terrain ruggedness) on cougar
(orange) and wolf (red) movement. Cougars select for medium-to-high canopy cover (40-75%),
greater deer index (>0.25), higher shrub cover (>25%), and strongly select for high terrain
ruggedness (>8 TRI). Wolves, in contrast, select for lower canopy cover (<50%) and low-to-
moderate deer index (0.1-0.5), avoid moderate shrub cover (30-75%), and strongly avoid rugged

terrain (>8 TRI). Both cougars and wolves avoid areas with a very low deer index.
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Figure 3.3. Tensor product plots showing the interaction of snow depth (x-axis) and snow density
(y-axis) for (a) cougar step selection and (b) wolf step selection. Colors represent the partial
effect of each combination of values, with black indicating a strong negative effect and saturated
colors indicating strong positive effects (orange for cougars; red for wolves). Cougars tend to
strongly select for very dense (>400 kg/m?) snow of intermediate depth (0.25-0.75 m), whereas
wolf selection is relatively weaker, with selection for low-density, shallow (200 kg/m?, <0.3 m)

and extremely dense (>450 kg/m?) snow.

3.4.2 Kill Sites

Although we did not gather enough field data (n = 5 confirmed wolf kill sites) to
delineate likely wolf kill sites, three winters of cougar cluster investigation yielded 389 known
and probable cougar kills across the two study areas. Cougar kill site GAMs (Figure 3.5a,b)
largely mirrored the effects of covariates on cougar habitat selection (Figure 3.4b,d). Relative
selection strength plots indicated that kills were less common when snow was dense (350 kg/m?),
but only if snow depth exceeded ~60 cm (Figure 3.5a). Notably, snow density had no effect on
kill location in shallow snow (Figure 3.5a) but had a strong positive effect if the snow was 30 cm

deep. If the kill occurred in deep snow (30 cm), it was 1.7 times (95% CI: 1.4-1.9) as likely to
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occur in moderately dense (300 kg/m?) snow and 2 times (95% CI: 1.7-2.4) as likely in very

dense (400 kg/m?) snow compared with the minimum observed snow density (60 kg/m?).
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Figure 3.4. The relative effects of snow depth and density on step selection for (a,c) cougars and
(b,d) wolves. These average-effects plots show the selection score plotted against the range of a
focal covariate (i.e., [a,b] snow depth or [c,d] snow density) in the dataset, with all other relevant
covariates (i.e., TRI, canopy cover, percent shrub, and deer index) kept at their observed values

for all available steps. Values above 0 indicate selection and values below 0 indicate avoidance.

84



3.5 Discussion

Hunting opportunity is a key driver of habitat selection for apex predators, and their
success is a product of prey encounter probability and capture success rate (Bergman et al., 2006;
Prugh et al., 2019; J. A. Smith et al., 2020). Hunting mode — whether coursing, stalking, or a
hybrid approach — is thought to influence multiple components of this optimization problem
(Peterson et al., 2021; Preisser et al., 2007; Schmitz et al., 2017). However, our study revealed
that advantageous snow conditions are an important feature of the winter landscape for two apex
predators, regardless of hunting strategy. Our models indicated that variables related to capture
success influenced predator movements more strongly than a proxy for prey availability,
supporting recent evidence that prey vulnerability may influence hunting success to an even
greater extent than prey density (Peterson et al., 2021; J. A. Smith et al., 2019). As hypothesized,
the interaction between snow depth and density was an important component of all models.
Contrary to our expectations, however, we found that both cougar movements in general and the
location of their kill sites were strongly influenced by snow conditions. Specifically, cougars
strongly selected areas of moderately deep, dense snow, whereas wolves marginally selected
shallower, lower-density snow. We suggest that apex predators select these snow conditions
because they provide a relative movement advantage over ungulate prey (Penczykowski et al.,

2017; Sullender et al., 2023).
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Figure 3.5. Relative selection strength of different (a) snow depths and (b) densities compared
with observed minimum snow depth (1cm; a) and minimum snow density (60kg/m?; b) at cougar
kill site locations. Using these minimum values as the reference points enables illustration of
how selection changes as snow becomes (a) deeper or (b) denser. Values above 1 indicate
increased probability and values below 1 indicate decreased probability relative to these
baselines. We did not analyze how landscape covariates influence wolf kill locations because of

low sample size (n = 5).

In a changing climate, shifting snowpack properties may undermine seasonal advantages
currently exploited by some large carnivores (Kunkel et al., 1999; Peers et al., 2020). Total
precipitation and precipitation intensity are expected to increase as the climate warms, and more
mid-winter melt may locally increase snow densities (Scaff et al., 2024; Thackeray et al., 2019).
However, the reductions in the fraction of precipitation falling as snow as well as greater

snowmelt are stronger signals projected to globally result in shorter snow cover duration, less
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snow cover extent, and less overall snow (Musselman et al., 2021; Thackeray et al., 2019).
Together, these trends are forecasted to dramatically reduce snowpacks within our study region
(Gergel et al., 2017; Salathé et al., 2010), which we suggest will reduce the extent and duration
of predator-preferred snow conditions. For wolves and cougars specifically, the consequences of
these changes to snow conditions may manifest as reduced ability to take down large, healthy
prey (Nelson & Mech, 1986; Post et al., 1999) and, as negative impacts accumulate from
consecutive low-snow years, may scale up to population-level impacts such as lower adult
survival or reproductive success (Borg & Schirokauer, 2022).

Surprisingly, our results suggest that cougars exploit favorable snow conditions to a
greater extent than wolves. Wolf selection varied relatively little across snow depths and
densities, whereas snow conditions strongly influenced cougar habitat selection. We propose two
potential explanations for this difference, one functional and one morphological. First, because
wolves generally hunt and travel in packs, they can share the otherwise enormous energetic costs
of breaking trail in challenging snow conditions (Mech & Boitani, 2003; Parker et al., 1984).
Thus, sociality may largely mitigate differences in energy expenditure when traveling through
easy versus difficult snow conditions. As typically solitary animals (Beausoleil et al., 2013),
cougars must independently meet the full energetic demands of locomotion in snow and thus
may benefit more from seeking out snow conditions that confer easier travel. Second, wolves are
morphologically better adapted to snow than cougars, with greater paw surface area in
comparison to body weight (Murray & Lariviére, 2002; i.e., a lower foot-load; Telfer & Kelsall,
1984). Sullender et al. (2023) measured snow track sink depths of cougars, wolves, and deer in
relation to snow density to identify “danger zones” of snow density whereby deep sink deeper

into the snow (relative to leg length) than each predator. Although both predators have lower
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foot-loads than their ungulate prey, this study revealed that wolves gain a significant locomotion
advantage over deer across all snow densities and may not need to select for specific conditions
to realize this advantage. Cougars, in contrast, have no movement advantage over deer at low
snow densities and their advantage has a distinct maximum at 340kg/m? — approximately where
our tensor product plot indicates a positive partial effect (Figure 3.3a) and near where selection
increases in our average effects plot (Figure 3.4c). The concordance between field measurements
of snow track sink depths reported in Sullender et al. (2023) and our modeled predator
movement preferences suggests that the patterns we observed are robust.

Our results indicate that snow is an under-appreciated factor in cougar movement and
predation patterns. Prior studies have found little evidence of snow depth altering cougar
movement patterns (Alexander et al., 2006; Blake & Gese, 2016) or kill site locations (Atwood et
al., 2007). To our knowledge, our study is the first to explicitly model how cougars respond to
the interaction between snow depth and density. Low-density snow is insufficient to support
cougars on the snow surface, slowing down stalking approaches and reducing the effective range
of a pouncing attack. At shallow snow depths, however, cougars may not sink in sufficiently to
change their mobility regardless of snow density. In very deep snow, density also becomes less
important, potentially due to prey avoidance of extremely deep snow (Gilbert et al., 2017) and
partially due to a combination of sub-model-scale heterogeneity and the risk of incurring large
energetic costs. The 30m resolution of our SnowModel output represents an average of local
variations in depth and density, as snow properties vary on spatial scales as fine as the molecular
level (Sexstone et al., 2016). Even within a grid cell classified as high-density snow, then, locally
lower-density snow may exist. Any cougar misstep into locally lower-density snow would cause

the animal to sink in deeply and expend enormous energy to climb back to the snow surface, a
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risk intensified in increasingly deep snow. Between these snow depth extremes, both our
movement and kill site location models indicate that cougars select for more dense snow that
supports cougars on the snow surface but not their ungulate prey (Sullender et al., 2023).

Although important, snow is merely one component of a broader suite of environmental
variables shaping habitat selection by apex predators. Terrain ruggedness was the single most
influential variable for both cougars and wolves, which further underscores the connection
between predator terrain selection and hunting mode as predators seek to maximize hunting
success (Bergman et al., 2006; J. A. Smith et al., 2019). Although hunting mode helps explain
cougars’ and wolves’ diverging use of rugged, dense-canopy landscapes conducive to stalking
but not coursing, the selection of similar snow conditions by both of these predators indicates
that other traits - such as morphology and sociality that can affect sensitivity to snow conditions -
should not be overlooked. Taken collectively, our findings situate snow within a broader
understanding of how landscape features influence predator-prey interactions, both in concert
with and independent of functional traits such as hunting mode.

When sympatric predators share common food resources, spatial or temporal habitat
partitioning has been proposed as a means to mitigate some of the negative effects of competition
(Rafiq et al., 2023; Schoener, 1974). Within the Pacific Northwest, the hierarchical dominance of
wolves and their extensive dietary overlap with cougars (Kunkel et al., 1999) suggests that
recovering populations of wolves will likely expose cougars to increased competition. The
impacts of Washington’s returning wolves are only beginning to be understood (Prugh et al.,
2023), as the state population has grown from a single resident pack in 2008 to 43 packs with a
combined 230 wolves as of 2024 (Washington Department of Fish & Wildlife, 2025). We found

that cougars and wolves exhibit diverging use of canopy cover, terrain ruggedness, and shrub
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cover (Fig. 3.2), echoing the apex predator habitat partitioning observed in other systems with
recovering wolf populations (Atwood et al., 2007; Bartnick et al., 2013; Kortello et al., 2007).
We suggest that, first, snow may further contribute to niche separation because cougars and
wolves select for somewhat different snow conditions, although prey distributional responses to
snow could mediate this niche separation (Ganz et al., 2022; Gilbert et al., 2017). Second, certain
combinations of snow depth and density may allow cougars to hunt effectively across a broader
habitat domain, thus temporarily expanding niche space. For a subordinate competitor, such an
expansion of niche space may foster short-term persistence or even longer-term coexistence
(Monterroso et al., 2016).

More broadly, the close connection we demonstrate between snow and predator-prey
interactions provides a framework for future ecological inquiry. Although we have outlined
likely impacts of climate change across our study region, geophysical features may locally
preserve snow conditions preferred by some wildlife, thus creating networks of refugia (Rivrud
et al., 2019). Furthermore, other regions such as the Western Himalaya and East Siberia are
forecasted to diverge from global climate trends and have increasing snow mass (Pulliainen et
al., 2020; T. Smith & Bookhagen, 2020), which could benefit local predator populations. To
capture these nuances of how climate change will alter predator-prey interactions, therefore, a
geographically specific focus and a wildlife-relevant scale are critical (Reinking et al., 2022). As
we move from quantifying predation-relevant landscape features toward integrative models that
better bound community population dynamics, for example, additional fieldwork examining how
snow influences predation outcomes (i.e., predation success rates or kill rates) would further
enhance our forecasting efforts. Our study provides an essential step towards these eventual

goals. Namely, by showing that snow shapes large carnivore movements across hunting mode,
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we demonstrate that suitable snow conditions can provide a predation advantage that overpowers

even functional traits.
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CHAPTER 4: WARM WINTERS, HOT MOOSE: TEMPERATURE DRIVES
ACTIVITY AND HABITAT TRADE-OFFS ACROSS A COLD-ADAPTED

SPECIES’ RANGE

Publication history: A version of this chapter was previously published in Environmental
Research Letters. The full citation for this publication is:
Sullender, B.K., C.X. Cunningham, A.K. Reinking, G.E. Liston, R.L. Levine, T.L.
Verzuh, N.T. Boelman, S. Boutin, M. Suitor, K.L. Monteith, M. Hebblewhite, T.J.
Brinkman, and L.R. Prugh. (in press). Warm winters, hot moose: temperature drives
activity and habitat trade-offs across a cold-adapted species’ range. Environmental

Research Letters. https://doi.org/10.1088/1748-9326/ae263a.

4.1 Abstract

Moose (Alces alces) are a cold-adapted species that may be vulnerable to overheating at
relatively low temperatures in winter. Moose have two main strategies for thermal regulation:
shifting activity patterns and selecting habitat that provides thermal refuge. In this study, we
compared how moose use these two strategies in response to winter temperature across their
latitudinal range. First, we used hidden Markov models to delineate encamped and traveling
movement states for five populations of GPS-collared moose in relation to time of day,
temperature, and snow depth. Next, we used step-selection functions to determine influential
covariates of encamped locations. As air temperatures and snow depths increased, moose from
all populations were more likely to remain in an encamped, relatively stationary state. All moose

became less diurnal and more nocturnal at high temperatures, although the magnitude of changes
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in activity varied by population. Encamped northern moose selected shrubby habitat that presents
foraging opportunities, whereas encamped southern moose selected for coniferous forest that
provides poor forage but offers shade in southern regions. The only moose population to select
for lower temperatures also experienced the warmest winter on record during our study period,
which may explain this population's low overall activity rates. Our results indicate that moose
along their southern range extent are responding to elevated mid-winter temperatures by initially
altering activity patterns and subsequently selecting for potential thermal refugia at the expense
of foraging habitat, while northern moose were unlikely to shift habitat selection based on
temperature unless faced with an anomalously warm winter. As climate change is implicated in
range contraction and population declines, our findings suggest that high winter temperatures
may be causing moose to not only reduce overall activity but also to forgo preferred foraging
habitat in favor of prioritizing thermal refuge, thus forcing a trade-off between nutrition and

thermoregulation.
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4.2 Introduction

Northern high-latitude ecosystems are warming at the fastest rates on Earth (Rantanen et
al 2022), forcing wildlife species to adapt, shift range, or face extinction as temperatures exceed
natural capabilities (Pecl et a/ 2017). In order for a species to persist in place, phenotypic
plasticity — the ability of an individual to respond to rapidly changing environmental conditions —
is of paramount importance due to the comparatively gradual pace of genetic adaptation (Berg et
al 2010). For large endotherms, phenotypic plasticity is most immediately expressed as changes
in behavior. For example, elk (Cervus canadensis) in the Greater Yellowstone Ecosystem alter
migration timing based on meteorological conditions (Rickbeil ef al 2019), and muskoxen
(Ovibos moschatus) in Greenland increase movement rates during extremely cold periods to
avoid thermal stress (Schmidt et al 2016). Thus, tracking conditions that cause a species to alter
its behavior can help determine how and to what extent a species experiences environmental
stressors.

As one of the northernmost ungulates, moose (4/lces alces) are well-adapted to cold
winters (Renecker and Hudson 1986, Lundmark 2008). A large body size and dense winter

pelage allow moose to maintain core heat without expending additional energy at temperatures as

low as -30°C (Renecker and Hudson 1986). However, these physiological adaptations, coupled

with a limited ability to dissipate heat (Dussault et a/ 2004), may expose moose to thermal stress
at surprisingly low temperatures (McCann et al 2013, Thompson et al 2020). Indeed, heat stress
has been proposed as one reason for population declines and potential range contraction along
the southern extent of moose range (Monteith et al 2015, Wattles et al 2018, Weiskopf et a/
2019), as thermoregulation may compromise individual fitness by restricting foraging (Ditmer et

al 2018, Van Beest ef al 2012). As climate change increases both overall winter temperatures and
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the frequency, intensity, and duration of warm spells (Perkins et al 2012, Scaff et al 2024),
midwinter heat stress may become more prevalent across the latitudinal range of moose
populations.

Even without the added impact of thermal stress, high-latitude winters already present
significant physiological challenges for ungulates (Schwartz 1992, Parker et al 2009, Kautz et al
2020). Snow accumulation constrains forage availability (Hansen ef a/ 2011), impedes animal
mobility (Sullender et a/ 2023, Mahoney et al 2018), and increases energy expenditure (Parker et
al 1984, Fancy and White 1987), and thus has direct bearing on ungulate overwinter body
conditions (Parker et al 2009, Garroway and Broders 2005). Vegetation senescence compounds
this potential nutritional bottleneck by reducing forage quality and increasing required
rumination time (Parker ez a/ 1999, Massé and Co6té 2012). Cumulatively, these pathways link
winter meteorological conditions with changes in annual survival rate, calf body mass, birth rate,
population trends, and even species range limits (Lenarz ef a/ 2009, Ruprecht et al 2016, 2020,
Hoy et al 2018). Thus, understanding the relationships between temperature, snow depth, and
moose phenotypic plasticity holds importance not just for understanding moose behavior but also
broader demographic drivers.

Although thermal stress in moose has been widely researched, most studies focus on
summer (Felton ef a/ 2024). Overall, there is general consensus that moose alter both activity and
habitat selection patterns based on temperature: as ambient temperatures increase, moose rest
more (Street et al 2015), move less during daytime (Montgomery et a/ 2019), and spend more
time bedded down (up to 98.7% of daylight hours; Verzuh et a/ 2023). Similarly, moose seek
thermal refugia as temperatures increase, selecting for shaded land-cover types (e.g., closed-

canopy forests; Dussault ef al 2006, Leblond et a/ 2010, Melin et al 2014, Jennewein et a/ 2020),
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cooler aspects (Harris et a/ 2023), and wetter sites that promote conductive cooling (Verzuh et al
2023). Because moose behavior exhibits such broad changes in response to temperature, the
magnitude of these changes can serve as a proxy for heat stress in different populations, and
gauge whether a population’s thermal tolerance is exceeded.

In this study, we quantify how moose alter movement rates and habitat selection in
response to elevated midwinter temperatures across their latitudinal range. First, we apply a
physics-based model to generate spatially and temporally distributed temperature and snow
information across all of our study areas. Second, we run a two-step analytical approach to
quantify how moose respond to temperature changes. We use hidden Markov models
(McClintock et al 2020) to delineate encamped (i.e., resting, bedded down, or foraging) and
traveling (i.e., exploratory) states for each individual moose. We then use step selection functions
(Thurfjell et al 2014, Klappstein ef al 2024) to determine the habitat covariates that most
influence selection of encamped locations, focusing on shrub-dominated landcover types that
provide preferred winter forage and conifer forests that provide inferior forage but better shade in
southern regions. Because moose along their southern range limit may be experiencing heat-
related range contraction (Monteith et a/ 2015, Weiskopf et al 2019) — in contrast to northern
moose’s range expansion (Zhou et a/ 2020) — we hypothesize that southern moose endure
warmer winter conditions that demand a higher degree of behavioral mitigation. Specifically, we
expect that southern moose respond to warmer winter conditions by exhibiting stronger
behavioral state changes as a function of temperature (/7), exhibiting greater shifts in timing of
activity based on temperature (H2), and more strongly selecting habitat that provides thermal
refuge rather than foraging opportunities (43). In so doing, we investigate a unifying framework

for how a changing climate may constrain moose distribution.
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4.3 Methods
4.3.1 Study Areas

Our study took place across five study areas spanning the entire latitudinal range of
moose in North America (Figure 4.1; Table 4.1), from dense coniferous forests in Colorado and
Wyoming, USA (~41.4°N) to Arctic tundra in Alaska, USA and the Yukon Territory, Canada
(~68.5°N). From south to north, these sites are: Snowy Range, Meeteetse, Alberta-British
Columbia, Alberta-North, and Old Crow. Because extreme winter conditions can cause unusual
movements of mammals (Prugh et al 2024), we compared meteorological conditions during our
study period to typical trends for each study area. We defined typical trends using daily winter
(December—February) maximum temperature for the last 30 years (NOAA’s GHCNd; Menne et
al 2012, NRCS’ SNOTEL stations; Natural Resources Conservation Service 2025), using the

station nearest the centroid of each of our study areas.

4.3.2 Moose Locations

We deployed satellite global positioning system (GPS) collars on a total of 126 moose
across our five study areas (Figure 4.1; Table 4.1). All deployments followed regional and
national animal care and handling standards (Peters e a/ 2013, Boutin ef al 2015, Cooley et al
2019, Levine et al 2022, Verzuh et al 2023). Only female moose were collared in Snowy Range
and Alberta-North, with a combination of male and female moose collared in the other regions.
We filtered all data to retain only winter locations, defined as 1 December — 28/29 February. All

collars had on-board thermometers, which we bias corrected with generalized linear mixed
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models to account for known sources of measurement error (Ericsson ef al 2015, Messeri et al

2019, Studd et al 2019; details in Appendix C).

Figure 4.1. Study areas with the five moose populations shown (left) and inset violin plots of
winter (i.e., 1 December through 28/29 February) conditions during the years studied. Upper-
right inset shows bias-corrected temperature (°C) and lower-right inset shows snow depth (m),
with thick lines representing median value for each population and thin lines representing 5th

and 95th percentiles.

4.3.3 SnowModel
We used SnowModel, a physics-based modeling system, to derive temperature (Liston

and Elder 2006b) and snow depth (Liston and Elder 2006a) at a 100m daily resolution across
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each study area (Appendix C). To validate SnowModel results, we compared output temperatures
with observed weather station data (GHCNh; Menne ef a/ 2012) and compared output snow
depth with observations from SNOTEL stations for Meeteetse and Snowy Range (Natural
Resources Conservation Service 2025). Because there were no SNOTEL stations in Canada, we
validated snow depth for Alberta-British Columbia, Alberta-North, and Old Crow with gridded,

daily snow reanalysis derived from in-situ observations (Brown and Brasnett 2010).

Table 4.1. Summary of GPS-collared moose analyzed in this study. Because Alberta-British
Columbia moose included both 2-hour and 4-hour fix rates, we resampled individuals with a 2-
hour fix rate to a common 4-hour interval. For hidden Markov model analysis, all moose fixes
were left in their native fix rate resolution. For step-selection function analyses, Meeteetse and
Snowy Range moose were resampled to a 4-hour rate to facilitate comparison with other

populations and better align with our 100-m resolution temperature and snow depth covariate

data.
Study Area Centroid Date Fix n fixes n Animal-
Latitude Range Rate Years
(°N) (hours)
Old Crow 68.5 Dec 2007 - |5 5085 19
Feb 2009
Alberta North | 57.1 Dec 2010- |3 17941 35
Feb 2012
Alberta- 54.1 Dec 2008 - | 4 8007 18
British Feb 2010
Columbia
Meeteetse 44.0 Dec 2020- |1 96301 60
Jan 2023
Snowy Range | 41.4 Dec 2017 - |1 134881 |73
Feb 2021
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4.3.4 Behavioral State Delineation

We generated a series of two-state hidden Markov models (HMMs; McClintock et al
2020, Klappstein et al 2023) with one state characterized by more localized movements
(hereafter, “encamped”) and the other characterized by more directional, longer-distance
movements (hereafter, “traveling”; Table 4.2). We implemented a two-step approach (details in
Appendix C; Klappstein et al. 2023) to model transition probabilities between these two states as
a function of time, bias-corrected temperature (as recorded by GPS collar), and snow depth (as
modeled by SnowModel). We used the Viterbi algorithm to predict the behavioral state of each
moose location (Viterbi 1967, McClintock et al 2020). We used the momentuHMM package in R
for all HMM analyses (McClintock and Michelot 2018).

Next, we tested whether moose altered diurnal activity patterns at different temperatures.
Due to pitfalls related to random effect implementation in HMMs (McClintock 2021), we used
generalized additive mixed models (GAMMs) to account for both individual variation and
nonlinear effects (Pedersen et al 2019, Klappstein et al 2024), which are prevalent in moose
behavior (Graf et al 2024, Borowik et al 2024). Thus, we combined the benefits of movement-
specific HMMs with the flexibility of GAMM:s.

We converted clock time to “suntimes” using the suncalc package in R (Thieurmel and
Elmarhraoui 2022), which better represents seasonal variation in studies that cover a wide range
of latitudes (Bonnot ez a/ 2020). All activity data were classified as dawn, day, dusk, or night
based on astronomical twilight (Appendix C). For each suntime category and population, we
modeled moose behavioral state (a binomial response; encamped or traveling) as a function of a
global smooth of temperature and an individual-specific deviation from that population-level

smooth (Klappstein et al 2024). We used the mgcv package (Wood 2017) in R for all GAMMs.
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Table 4.2. Hidden Markov model (HMM) results and overall state distribution. The two-state
model delineated one state with a shorter step length (encamped) from a second with a longer
step length (traveling). Hourly movement rates were calculated by dividing the HMM-derived
mean step lengths by the fix rate to enable comparison. State distribution calculated using the
Viterbi algorithm to classify each location based on temperature, time of day, snow depth, and

interactions between these variables.

Encamped Hourly | Traveling Hourly | Overall Percent
Movement Rate | Movement Rate of Locations
Population (SD; meters) (SD; meters) Encamped
Old Crow 27 (20) 121 (118) 74.3%
Alberta-North 25 (23) 99 (114) 82.2%
Alberta-British Columbia (21 (18) 89 (88) 67.0%
Meeteetse 31(33) 295 (310) 90.4%
Snowy Range 11 (10) 112 (123) 74.8%

4.3.5 Habitat Selection

We coupled step-selection functions (SSFs; Thurfjell ef al 2014) with our HMM-based
behavioral segmentation output to model how covariates influence moose selection of encamped
locations (Klappstein et al 2023, Beumer et al 2023). These steps were more likely to terminate
in preferred habitat for some aspect of moose biology (i.e., foraging, thermal refuge, or safe
resting habitat), whereas traveling steps could represent responses to disturbance or movement

between suitable habitat patches (Roever et al 2014).

116



We used time-matched 30 m landcover datasets to define habitats offering good moose
forage or shade (Latifovic ef al/ 2017, Jin et al 2013, Commission for Environmental Cooperation
2023). Because moose browse on riparian shrubs and deciduous trees in winter (Schwartz 1992,
Poole and Stuart-Smith 2006, Parikh et al/ 2017, Harris et al 2023), we selected
temperate/subpolar shrub, temperate/subpolar deciduous forest, mixed forest, subpolar shrub-
lichen-moss, and wetland areas as providing superior forage conditions. We then calculated the
distance to these areas across each study area (hereafter, “forage”). To represent areas that may
offer thermal refuge (via shade; Dussault ef al/ 2006, Melin et al 2014) or reduced snow depth
(Lundquist et al 2021) but poorer forage (Shipley and Spalinger 1992, Wam and Hjeljord 2010,
Felton et al 2021), we selected areas with temperate or subpolar conifer forest and calculated the
distance to these areas (hereafter, “conifer”).

To facilitate comparison of SSF output across moose populations, we resampled all
moose collar data to a common four-hour fix rate (Table 4.1). Using the am¢ package in R
(Signer et al 2019), we randomly generated 20 available steps for each used step from turn
angles (using a von Mises distribution) and step lengths (using a gamma distribution),
parameterized by each individual’s observed movement patterns. We assigned a weight of 5000
to the available locations and a weight of 1 to the used locations (Fieberg et a/ 2021). Finally, we
extracted time-matched temperature and snow depth predictions from SnowModel at each
location. Because SnowModel generated spatially distributed covariates, we were able to extract
values at both used and available locations.

We developed conditional logistic mixed regression models with the g/lmmTMB package
(Brooks et al 2017). Because snow has non-linear effects on moose movement (Cunningham et

al 2022), we included a quadratic form of snow depth. We used random slopes to allow
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individual responses to forage, conifer, and temperature (Muff et a/ 2020) and predicted
outcomes using a population-level estimate. Thus, following Klappstein et al. (2024), our model
took the form:

Niej = (,31 +y1;)forage;; + (ﬂz +y,j)conifery; + (,33 +v3)Tiej + B,forage; * Ty

+ B;conifery * Ty + f.snod;, + ,6’7sn0dl-t2,

where 1 is the linear predictor for the i-ith location of stratum ¢ for j € 1,2,..,n individuals, y
terms are vectors of random effects, forage and conifer are log-transformed distance to nearest
forage or conifer cell, 7'is ambient temperature, and snod is snow depth. We used k-fold cross-
validation to evaluate model fit, partitioning each study area’s moose movement data into five

equal-size subsets, generating an SSF model using four subsets, and using that model to predict

SSF values for the withheld subset (Boyce et al 2002).

4.4 Results
4.4.1 SnowModel Validation

Overall, we found strong agreement between daily SnowModel temperatures and both
hourly (Pearson’s » = 0.919) and average daily (Pearson’s » = 0.973) temperatures at a network
of weather stations across our study areas, as well as strong agreement between modeled and
observed snow depth across all study areas (Pearson’s » = 0.911; Appendix C).

Compared with 30-year climate normals, three of the five study areas had typical
maximum daily temperatures during our study period. Observed winter (December—February)
conditions during our study period in Alberta-British Columbia, Meeteetse, and Snowy Range
were within 0.8°C of observed 30-year climate means (Appendix C). Our two northernmost

populations, however, included highly unusual periods. Our 2007-2009 Old Crow data included
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two of the coldest stretches on record: six nearly consecutive days when temperatures stayed
below -40°C in January—February 2008, and four nearly consecutive days in January 2009 when
temperatures stayed below -40°C. In contrast, in 2011-2012, our Alberta-North region
experienced the highest average winter maximum temperatures on record: -5.4°C, 1.5 standard

deviations above the -9.0°C long-term mean.

4.4.2 Behavioral State Delineation

Across study areas, moose in an encamped state moved on average 22 m/hr, whereas
moose in a traveling state moved on average 141 m/hr (Table 4.2). Moose in a traveling state had
more directed movements (i.e., a higher density of turning angles close to 0 radians), whereas
encamped moose had a nearly-uniform distribution of turn angles (Appendix C). Meeteetse
moose, which experienced the highest average temperature of all study areas, were encamped at
90% of observed locations. Alberta-North moose - experiencing the warmest winter in the last 30
years - were similarly in an encamped state at 82% of locations, whereas other moose
populations were encamped at 67-75% of locations (Table 4.2).

As temperatures increased, moose were more likely to remain in an encamped state
(Figure 4.2a) and were less likely to remain in a traveling state. Deeper snow had a significant
effect on behavioral state for only Meeteetse and Snowy Range moose, with both populations
more likely to switch from a traveling to an encamped state as snow depth increased (Figure
4.2b). All moose were most sedentary at night (Figure 4.3a-¢). Northern moose (Old Crow,
Alberta-North, and Alberta-British Columbia) demonstrated similar activity trends across
suntimes, becoming more likely to be encamped as temperatures increased, although these trends

were weak for Alberta-North moose (Figure 4.3a-c). Southern moose (Meeteetse and Snowy
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Range) exhibited major declines in traveling movements as daytime temperatures increased, but

were more active at both dawn/dusk and at night as temperatures increased (Figure 4.3d-e).
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Figure 4.2. Probability of moose transitioning between behavioral states as a function of
temperature (a; probability of remaining encamped) and snow depth (b; probability of switching
from traveling to encamped). Moose in an encamped state have relatively stationary movement
patterns, whereas moose in an traveling state demonstrate more directed and longer distance
movements. For both a) and b), time was held constant at noon to control for diurnal activity
patterns. For a), snow depth was held constant for all populations at the study-area-wide average
(0.39 m). For b), temperature was held constant for all populations for the study-area-wide
average (-12.7° C). Only observed ranges of temperatures and snow depths are modeled for each

population.
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Figure 4.3. Moose activity state as a function temperature and solar time (suntime) across five
study areas: (a) Old Crow (northernmost), (b) Alberta-North, (c) Alberta-British Columbia, (d)
Meeteetse, () and Snowy Range (southernmost). The y-axis represents the probability of being
in an encamped (inactive) state, as opposed to a more active (traveling) state. Pink lines show
generalized additive mixed models for moose activity state during dawn or dusk (i.e., sun
between 0 and 18 degrees on the horizon), yellow lines show moose activity state during

daytime, and black lines show moose activity state at night (including polar night). Shaded areas

represent 95% confidence intervals.

4.4.3 Habitat Selection

Predictive performance for SSFs was strong across all study areas, as indicated by an
average Spearman-rank correlation of 0.786 with five-fold cross-validation (Boyce et al 2002).
Four of the five moose populations selected for habitat closer to land-cover types that provided
preferred forage (Figure 4.4a), with the fifth moose population, Meeteetse, demonstrating
marginal selection (P = 0.0722). The two southern moose populations strongly selected for areas

closer to conifers, with weaker selection from Alberta-North and neither selection nor avoidance
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from Old Crow and Alberta-British Columbia (Figure 4.4a). Only Alberta-North moose directly
selected for lower temperatures. Snow depth had at least a marginal effect (P < 0.1) on moose
movement for all populations except Alberta-British Columbia, with all populations avoiding
snow deeper than 75 cm and selecting between 20 cm and 40 cm of snow (Figure 4.4b).

All moose populations except for Alberta-British Columbia altered habitat selection to
some extent based on temperature (Figure 4.5). For the two southernmost moose populations,
higher temperatures weakened relative selection for proximity to forage, although this trend was
reversed for Old Crow moose (stronger selection for forage at higher temperatures). Only
Alberta-North and Snowy Range altered selection towards conifer forest at different
temperatures, exhibiting stronger selection at lower temperatures (Figure 4.5¢e-f). At high
temperatures (defined for each study area as 95th percentile; compared to low temperatures at
5th percentile), Snowy Range moose were twice as likely to avoid areas close to forage and

Alberta-North moose were twice as likely to select areas close to conifers.
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Figure 4.4. Results from step-selection analysis for encamped moose locations. Panel a) shows

2.0

coefficients for habitat covariates: log of distance to land cover with forage (“Forage”), log of
distance to coniferous forest (“Conifer”), temperature at moose collar height, an interaction
between log distance to food and temperature (“Forage: Temperature™), and an interaction
between log distance to shade and temperature (“Conifer: Temperature”). Asterisks indicate
significant coefficients (P < 0.05). Panel b) shows the log-relative selection strength (log-RSS)
for each moose population at different snow depths. Log-RSS calculated relative to a snow depth
of Om; 95% confidence intervals omitted for clarity, but snow depth and a quadratic form of
snow depth were significant covariates for all populations except Alberta-North and Alberta-

British Columbia.
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(black line), and low (blue line) temperatures on habitat selection for (a) Old Crow, (b, )
Alberta-North, (c) Meeteetse, and (d, f) Snowy Range moose. Panels a-d show the relative
selection strength for distance to forage at different temperatures, and panels e-f show the
relative selection strength for distance to conifer at different temperatures. Only predictors for
populations with significant interaction terms are shown here; thus, Alberta-British Columbia
moose are not included. In each panel, lines representing changes in selection at high (95"
percentile of temperature, calculated separately for each study area), median, and low (5%
percentile of temperature) temperatures are shown relative to a baseline distance of zero from the

focal covariate.

4.5 Discussion

Moose inhabit environments with dramatic seasonal changes in temperature, and
temperatures are known to drive their movement and habitat selection patterns in summer (Street
et al 2015, Alston et al 2020, Jennewein et al 2020, Verzuh et al 2023). We offer novel evidence

that, even in midwinter, moose across their latitudinal range experienced high enough
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temperatures to alter behavior and that the magnitudes of these responses varies by geographic
region. Broadly, we found that during the winter, moose were more likely to remain encamped at
higher temperatures, shift activity towards cooler times of day, and alter habitat selection based
on temperature. By quantifying how different populations of moose responded to elevated
temperatures, our work advances understanding of the phenotypic plasticity of moose and their
capacity to behaviorally adapt to future climate change.

Despite finding broad patterns of shifting moose behavior, our results do not fully support
our specific hypotheses that moose at their southern range limit exhibit stronger temperature-
driven shifts in activity patterns and movement than northern moose (H1-3). Indeed, the
northernmost population exhibited the greatest shift in diurnal timing of activity patterns in
response to temperature (counter to /2), while the second-northernmost population
demonstrated similar changes in temperature-mediated habitat selection as southern moose
(counter to H3). The unusually warm winter during our study period in Alberta-North may
explain some of these unexpected results: extremely low overall movement rates (82.2% in an
encamped state; comparable only to Meeteetse at 90.4%) offered little capacity to adjust diurnal
patterns (H1-2). Notably, Alberta-North moose were the only population to directly select for
lower temperatures on the landscape, which may be a response to the sustained warm conditions
during the record high winter temperatures.

Still, we noted major differences between moose along their southern range limit and
moose in the central and northern portions of their range. Southern moose exhibited more
marked behavioral shifts in response to higher temperatures and more strongly selected for areas
closer to conifer forest than northern moose. Selection for areas closer to forage was weaker on

hotter days than on cooler days for southern moose, whereas this trend was reversed for the
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northernmost moose. Taken together, these results suggest that cold days could constrain winter
foraging for moose at their extreme northern limit, whereas warm days restrict foraging for
moose at their southern limit. However, the two periods of unusual cold during our study may
poorly reflect typical winter conditions in the Yukon region, especially given the strong local
warming trend (1°C/decade in winter; Schetselaar et al 2023) since our data were collected -
thus, winters may no longer be consistently cold enough to exceed moose’s lower thermal
tolerance.

The low overall activity rates of southern moose likely represent an adaptation to warm
winters. Many endothermic animals respond to high temperatures by reducing activity during the
hotter daytime hours (Mole et al 2016, Verzuh et al 2023). With restricted ability to relocate
without incurring activity-induced thermal stress, habitat selection becomes critically important
as an organism’s thermoregulatory limit is approached (Verzuh et al 2023). With the exception of
Alberta-North moose during the record-hot 2011-2012, northern moose altered activity patterns
during rare hot winter days without shifting habitat selection patterns away from preferred
forage. The similarities in habitat selection for southern and Alberta-North moose - especially in
concert with their far more limited shifts in activity timing - suggests that shifts in daily activity
patterns may be an initial response, whereas habitat shifts are more of a last resort. Moose
adaptive capacity in response to warm winters may therefore be somewhat tiered, with
widespread and immediate shifts in activity timing and, provided ambient temperatures remain
high or are further elevated, a subsequent secondary shift in habitat selection.

The difference between selecting conifer and selecting preferred forage habitat likely has
nutritional consequences. In winter, moose primarily forage on deciduous trees and riparian

shrubs, especially willows (Salix spp.; Schwartz 1992, Poole and Stuart-Smith 2006, Parikh et a/
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2017). Nutritionally, these plants offer high digestible energy and digestible protein (Schrempp et
al 2019), whereas conifers instead require more handling and rumination time (Shipley and
Spalinger 1992, Felton et al 2021). Although moose can and do consume conifers, a conifer-
based diet is often an indicator for suboptimal food resources (Danell et al 1991, Wam and
Hjeljord 2010). Mature coniferous forest diminishes wind (Sexstone ef a/ 2016), decreases snow
accumulation (Lundquist ef al 2013), and reduces surface-level shortwave radiation although
solar radiation is negligible for northern regions in mid-winter (Lundquist et a/ 2013). We
suggest that moose selection of conifers is most likely driven by this latter variable (i.e., shade)
for southern moose, as our models explicitly account for snow depth and wind is less important
than solar radiation for moose heat stress (Thompson et al 2020, Verzuh et al 2023).
Furthermore, moose exploit shady coniferous forest to provide thermal refuge in summer (Melin
et al 2014, Alston et al 2020), a behavior that we demonstrate happens in winter as well. The
shift by southern moose towards coniferous areas — in contrast to northern moose selection for
deciduous and shrub-dominated habitat — is an indication that thermoregulation limits foraging at
the southern extent of moose range.

The response of moose to changes in their thermal environment is more complex than the
relationships we quantify here. The secondary responses (behavioral patterns and habitat
selection) we analyzed could be further strengthened by including physiological measurements
of thermal stress (e.g., respiration rate, cortisol, piloerection; Thompson et al 2020). Additionally,
time lags at multiple scales influence mammal thermoregulation: cumulative effects of daily
environmental conditions (e.g., a previous day’s hot weather raises current moose body
temperature; Thompson ef al 2020), seasonal adjustments to coat thickness and homeostatic

body temperature ranges (Hetem et al 2016), and evolutionary-scale changes such as larger body
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size at northern latitudes (i.e., Bergmann’s rule; Herfindal et al 2006). Moose may be able to
compensate for inferior foraging habitat through other adaptations not analyzed here.

Climate change will not exert uniform pressures across the entirety of moose range. The
climate-aided poleward expansion of shrubs appears to be a key factor in moose colonization of
Arctic tundra (Tape et al 2016, Zhou et al 2020), and projected overall reductions in snow depth
may enhance body condition and open new winter habitats (Poole and Stuart-Smith 2006,
Holmes et al 2021, Cunningham et a/ 2022). However, climate change may also exacerbate
moose range contraction: higher ambient temperatures are associated with elevated parasite loads
(Debow et al 2021, DeCesare et al 2024, Pouchet et al 2024), declining moose survival (Lenarz
et al 2009), reduced reproductive output (Ruprecht ef a/ 2016), and, as we show, a potential
decline in overall nutrition that may decrease individual fitness (Van Beest et al 2012). With
thermoregulation already driving behavioral trade-offs for northern ungulates in summer
(Williamsen et al 2019, Levine et al 2025), the effects of climate change may extend these trade-
offs into winter, especially along the warmer margins of suitable habitat.

Thermoregulation contributes to moose activity patterns and habitat selection across their
latitudinal range. This process is apparent even in mid-winter: high ambient temperatures drive
moose to first adjust the daily timing of activity and subsequently prioritize thermal refugia.
Because thermal refuge comes at the expense of foraging opportunities, these behavioral
adaptations may compound a seasonal nutritional bottleneck for northern ungulates and
exacerbate heat-related impacts at a demographic and population level (Ruprecht et a/ 2020,
Kautz et al 2020). As midwinter warm spells increase in frequency, intensity, and duration
(Perkins ef al 2012, Scaff et al 2024), the aggregated costs of forgone foraging may prove

detrimental for cold-adapted herbivores such as moose.
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CHAPTER 5: CLIMATE CHANGE DIMINISHES SNOW-MEDIATED

MOVEMENT ADVANTAGE FOR APEX PREDATORS

5.1 Abstract

Climate change is rapidly altering geophysical processes across the planet, with uncertain
impacts on species interactions. Snow cover is a critical driver of predator-prey dynamics across
much of the Northern Hemisphere, with apex predators gaining an advantage over ungulate prey
where and when snow is deep enough to impede animal movement and dense enough to support
predators but not their prey. To examine how changing snowpacks will alter these interactions,
we applied climate projections to physically based snow modeling across 45,300 km? spanning
the border between Washington state, USA and British Columbia, Canada. Specifically, we
perturbed a historical baseline with seasonally varying adjustments based on a multi-model
ensemble for mid-century climate change across two scenarios (SSP2-4.5 and SSP5-8.5) and
extracted daily physical snow properties at 30-m resolution. We temporally and spatially tracked
the snow-mediated movement advantages of two apex predators (cougars [ Puma concolor] and
wolves [Canis lupus]) over their primary prey (white-tailed deer [Odocoileus virginianus] and
mule deer [O. hemionus]), using home ranges from GPS-collared predators to account for
seasonally variable habitat use. We found steep declines in snow-mediated predator advantages,
both in terms of duration (decline from an average 53 days to 24 days [SSP2-4.5] and 18 days
[SSP5-8.5]) and extent (65% and 78% decline in area for SSP2-4.5 and SSP5-8.5, respectively).
These declines are greater in magnitude than the physical changes we modeled. Furthermore,
current predator home ranges will suffer larger changes in duration of predator-advantaged snow
conditions than region-wide trends. Apex predators in snowy ecosystems will bear the impacts of

climate change on a scale disproportionate to actual physical changes, requiring large-scale
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redistribution, alternate prey sources, or increased ungulate density to counterbalance their
dwindling winter edge. Our study indicates that, across much of the Northern Hemisphere,

ungulate prey may benefit from declining snowpacks at the expense of their predators.
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5.2 Introduction

As climate change reshapes geophysical processes (McCluney et al., 2012; A. C. Wilson
et al., 2021), species’ distributions are being reshuffled at multiple scales (Pecl et al., 2017;
Severson et al., 2021). Consequently, the frequency, magnitude, and direction of species
interactions are changing (Blois et al., 2013; Deguines et al., 2017; Romero et al., 2018;
Tylianakis et al., 2008), with far-reaching but poorly understood impacts (Gilman et al., 2010;
Urban et al., 2016). For example, more severe droughts in Botswana’s Okavango Delta have led
to greater spatial overlap between the dominant predator (lion, Panthera leo) and subordinate
competitors such as leopards (Panthera pardus; West et al., 2024). Besides increasing lethal
interference competition (Balme et al., 2013; Swanson et al., 2016), greater overlap may shift
entire food webs as leopards target smaller prey to reduce opportunities for kleptoparasitism
(Balme et al., 2017; Stein et al., 2015). Thus, abiotically driven changes to species interactions
provide a lens into the broader ecological consequences of our changing climate.

Snow dynamics are among the most rapidly changing geophysical processes (IPCC,
2022; Niittynen et al., 2018) and among the most significant: snow at least periodically covers ~
48% of the world’s land area (Johnston et al., 2023) and influences hydrology across an even
greater area (Barnett et al., 2005; Immerzeel et al., 2020). A diverse community of animals have
evolved to exploit various aspects of snow: lemmings (Lemmus and Dicrostonyx spp.) rely on
snow that is soft enough to tunnel through (Poirier et al., 2023), ptarmigan (Lagopus spp.)
benefit from deep snow that permits easy access to browse shrub crowns (St-Georges et al.,
1995), and pregnant polar bears (Ursus maritimus) seek out snow drifts that provide sufficient
insulation for subnivean dens (Durner et al., 2003; R. R. Wilson & Durner, 2020). Beyond

influencing animal behavior (Cunningham et al., 2022; Ortega et al., 2024; Poirier et al., 2021;
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Prugh et al., 2024) and demography (Borg & Schirokauer, 2022; Rattenbury et al., 2018; Scridel
et al., 2018), snow also structures species interactions such as competition (Peers et al., 2020;
Verstege et al., 2023), predation (Slettenhaar et al., 2025; Sullender et al., 2025), herbivory
(Hansen et al., 2019; Post et al., 1999), and parasitism (Pouchet et al., 2024). Despite its
ecological importance, however, the dynamic and heterogeneous nature of snow presents a major
challenge for evaluating how wildlife respond to different snow conditions (Reinking et al.,
2022). This fundamental challenge of snow ecology is further enhanced by complexities arising
from fine-scale snow processes and orographic precipitation patterns that are difficult to resolve
in climate projection models (Hammond et al., 2023; Norris et al., 2025).

Generally, global snowpacks are forecasted to decline in extent, duration, and total mass
as a consequence of climate change (Gergel et al., 2017; IPCC, 2022). Rising temperatures will
result in more midwinter snowmelt and a greater proportion of winter precipitation falling as rain
(Barnett et al., 2005; Brown & Mote, 2009), both of which will reduce snow depth and increase
snow density (Hill et al., 2019). However, in part because warmer air can hold more moisture
(IPCC, 2023), climate change is also forecasted to increase overall precipitation globally, with
the strongest effects in winter and in mountainous regions: using multi-model averages of an
end-century, severe climate change scenario, a global ~9% increase in year-round precipitation
(Rogers & Mauger, 2021) manifests as a ~17% increase in winter precipitation in the northern
Alps (Kotlarski et al., 2023) and a ~14% increase in the US Pacific Northwest (Kotlarski et al.,
2023). Gains in winter precipitation are projected to fully offset temperature-related decreases to
snow accumulation in predominantly colder-climate, tundra-dominated regions like East Siberia
(Pulliainen et al., 2020), the Western Himalaya (Smith & Bookhagen, 2020), and Arctic Alaska

(Newman et al., 2021).
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These spatially and temporally variable changes to snowpack have the potential to
dramatically shift species interactions (Aryal et al., 2016; Felton et al., 2024). For large
carnivores like wolves (Canis lupus) and cougars (Puma concolor), snow provides an
opportunity to exploit an advantage in locomotion: compared with deer (Odocoileus spp.) and
other ungulate prey, carnivores have greater foot surface area relative to body mass (i.e., foot
loading; Telfer & Kelsall, 1984; Sullender et al., 2023). This lower foot loading causes predators
to sink into the snow less than their prey, creating a “danger zone” as prey are slowed down,
expend more energy, and ultimately are more vulnerable to predation (Nelson & Mech, 1986;
Parker et al., 1984; Sivy et al., 2018; Sullender et al., 2023). Easier hunting conditions combine
with seasonal declines in ungulate body condition to produce demographic and population-scale
effects: winters with deeper snow increase overall ungulate mortality (Horne et al., 2019), can
triple predator kill rates (Nelson & Mech, 1986; Post et al., 1999), and increase predator survival
and birth rates (Borg & Schirokauer, 2022; Post et al., 1999). Well-established connections
between snow and wolf predation patterns (Mech & Peterson, 2003) have recently been extended
to include cougars, which are more likely to make deer kills in areas with advantageous snow
(i.e., moderately deep and dense; Sullender et al., 2025). As winter conditions diverge from
historical baselines, the extent to which danger zones will be conserved or transformed remains
unknown yet is of fundamental concern to ecosystem function.

In this study, we simulate changes to snowpack in the Pacific Northwest region of North
America to investigate our central question of how climate change will alter snow-mediated
predator movement advantages. This region supports abundant populations of two predator-prey
pairs (deer-wolves and deer-cougars) whose winter interactions are structured by snow properties

(Sullender et al., 2025), and serves as an ideal proxy to assess the diverse impacts of climate
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change given its complex topography, highly variable snowfall patterns, and representation of all
known global snow-climate classes (Sturm & Liston, 2021). To quantify snow properties, we
couple physically based snow modeling (SnowModel; Liston & Elder, 2006a; Mower et al.,
2024) with a multi-model ensemble of climate projections (Coupled Model Intercomparison
Project Phase 6; Eyring et al., 2016; Chen et al., 2021). Next, we extract specific snow properties
that delineate conditions that provide predators with a movement advantage, based on a
mechanistic, field-validated definition of how snow affects mammal movement (Penczykowski
et al., 2017; Sivy et al., 2018; Sullender et al., 2023). Finally, we generate home ranges for GPS-
collared cougars and wolves to account for seasonally variable habitat use and track how future
snowpacks may shift danger zones for the primary prey (white-tailed deer [O. virginianus] and
mule deer [O. hemionus]) of cougars and wolves. These apex predators strongly avoid human
settlements that are widely distributed at lower elevations (Prugh et al., 2023) whereas projected
increases in precipitation may increase snow depth at higher elevations (Norris et al., 2025).
Thus, we hypothesize that (H/) on a regional scale, cougars’ and wolves’ seasonal advantages
over deer will decline in both duration and spatial extent, but that (H2) current predator home
ranges will be largely resilient to changes in snowpack and maintain a similar duration and
extent of danger zones across baseline and climate change scenarios. By quantifying how a
changing snowpack will affect these globally distributed species, we provide broadly applicable
insight into how climate change will alter large mammal predator-prey interactions across

seasonally snow-covered ecosystems.
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5.3 Methods
5.3.1 Study Area

Our study took place in two large areas within the Pacific Northwest, including portions
of the states of Washington and Idaho, USA, and the province of British Columbia, Canada
(Figure 5.1). The Northeast study area covers about 19,300 km? (approx. 47.5-49°N, 116.5-
118.5°W) and our Okanogan study area covers about 26,000 km? (approx. 47.5-49.5°N, 119-
121°W). Collectively, our study areas include portions of all six recognized global snow classes
(Figure 5.1): tundra, boreal forest, maritime, ephemeral, prairie, and montane forest (Sturm et al.
1995; Sturm & Liston 2021). Depending on prevailing environmental conditions, these snow
classes vary from deep and wet (maritime) to shallow, cold, and windblown (tundra) and
effectively bound the full range of snow conditions an animal might encounter anywhere in the
world (Sturm et al. 1995).

In both of our study areas, upper elevations (i.e., >1200m) are typically snow-covered
from mid-Nov until early May (Natural Resources Conservation Service, 2025). Lower
elevations (~400m) have less persistent snow and are home to a greater human footprint, with
communities, roads, and agriculture. Vegetation varies from dense stands of hemlock (7suga
spp.) and Douglas-fir (Pseudotsuga menziesii) trees, open slopes with ponderosa pines (Pinus
ponderosa) and sagebrush (Artemisia spp.), and alpine meadows. Aside from our focal predator-
prey pairs (cougars, wolves, mule deer, and white-tailed deer), alternate prey such as elk (Cervus
canadensis) and moose (4lces alces) are also present but much less frequently targeted by

cougars and wolves (A. Wirsing, pers. comm.).
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#Extent

Figure 5.1. Study areas within the Pacific Northwest of North America. Colors represent the
spatial extent of the six recognized classes of snow and ice/glaciated features (Sturm & Liston,

2021).
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5.3.2 Baseline Snow Conditions

We used SnowModel, a distributed snow-evolution modeling system, to model wildlife-
relevant snow properties (Liston & Elder, 2006a). SnowModel combines spatially and
temporally distributed meteorological variables with topography and land-cover type,
numerically solving physical processes such as blowing-snow redistribution, canopy
interception, and snow density evolution at user-specified spatial and temporal steps (Liston &
Elder, 2006a). We used NASA’s Center for Climate Simulation Discover supercomputer to run a
parallelized version of SnowModel (Mower et al., 2024) at a 30-m grid increment with a 3-hour
forcing time step, and daily aggregated output snow depth (m) and snow density (kg/m?).

We ran SnowModel simulations for water years 2018-2022 for the Okanogan and
Northeast study areas using a water percolation scheme (Pflug et al., 2019) that provides realistic
model representations of rain-on-snow and midseason melt, common in maritime snowpacks. A
water year begins on October 1 and concludes the following September 30, with the year
assigned based on spring (i.e., October 1, 2017 and September 30, 2018 are both water year
2018). We used the USGS National Elevation Dataset (NED) for topography on a 30-m grid
(Gesch et al., 2018), the North American Land Change Monitoring System (NALCMS) Land
Cover 2015 map for vegetation on a 30-m grid (Latifovic et al., 2016), and forcing variables
from a Weather Research Forecast (WRF) model from the National Center for Atmospheric
Research (NCAR) on approximately a 4-km grid (Rasmussen et al., 2023). We evaluated snow
output with snow telemetry observations (SNOTEL; Natural Resources Conservation Service,
2025) at 7 stations within the Okanogan and 4 stations within the Northeast study areas (see

Supplement).

150



5.3.3 Climate Change Projections

We selected two climate-change scenarios, SSP 2-4.5 and SSP 5-8.5, to represent
moderate and severe warming, respectively. SSP 2-4.5 represents a “middle-of-the-road”
scenario, characterized by radiative forcing of 4.5 W/m? in 2100, a 2.0°C increase in global
temperatures by mid-century, and a 2.7°C increase by 2100 (Intergovernmental Panel on Climate
Change, 2023). The more carbon-intensive SSP 5-8.5, known as the “fossil-fueled development”
scenario, has radiative forcing of 8.5 W/m? in 2100, corresponding to global temperature
increases of 2.4°C by midcentury and 4.4°C by 2100 (Intergovernmental Panel on Climate
Change, 2023).

We used the University of Washington Climate Impacts Group’s Pacific Northwest
Climate Projection Tool (Rogers & Mauger, 2021) to extract output from 15 global climate
models (GCMs) indexed in the Coupled Model Intercomparison Project Phase 6 (CMIP6; full
list in Supplement; Eyring et al. 2019). Rather than directly analyze GCM output, which is
highly sensitive to boundary conditions (Rasmussen et al., 2011) and poorly represents regional
processes critical for snow physics (Kawase et al., 2020; Norris et al., 2025), we used a pseudo-
global warming approach to better discern local conditions (Brogli et al., 2023; Liu et al., 2017;
Schir et al., 1996). Thus, our approach took a basic form of
PGWx = CTRL + ACMIPG6x, (1)
where PGW represents pseudo-global warming boundary conditions for SSP x and CTRL refers
to baseline conditions (Brogli et al., 2023). ACMIP6, represents future changes to meteorological
variables based on SSP x and is defined as

ACMIP6, = CMIP6, - HIST, 2)
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where CMIP6;, is a future time slice for SSP x and HIST is a corresponding historical time slice,
again following Brogli et al. (2023).

We used a baseline period of 2018-2022 (i.e., CTRL), with meteorological variables
derived from NCAR’s 4-km WRF model (Rasmussen et al., 2023). We calculated ACMIP6x
using a multi-model mean of projected changes in temperature and precipitation for mid-century
(2040-2069) within the Pacific Northwest region (41.5-49.5°N, 125-111°W), calculated relative
to a baseline of 1950-1999 (Rogers & Mauger, 2021).

In our approach, we perturbed baseline conditions for temperature and precipitation at a
seasonal timestep (i.e., summer, fall, winter, or spring; (Norris et al., 2025) 5-1) to better capture
the large intra-annual variation in warming and precipitation patterns within our study region
(Rupp et al., 2017; Taylor et al., 2023), applied at a 4-km baseline (i.e., CTRL) resolution. We
used SnowModel’s MicroMet submodule (Liston & Elder, 2006b) to downscale these
perturbations to a 30-m resolution within our study area and used Parallel SnowModel (Liston &
Elder, 2006a; Mower et al., 2024) to simulate future snowpacks under SSPs 2-4.5 and 5-8.5. For
each scenario, this approach generated five years of daily snowpack data under pseudo-global

warming conditions to compare with our baseline five years of daily snowpack data.

5.3.4 Danger Zones

We extracted the modeled physical properties of snow for each 30-m cell across our
study areas at a daily time step to quantify the times and places when cougars and wolves would
gain a movement advantage over deer (i.e., “danger zones”). We filtered cells to only include
those with sufficiently deep snow and with densities shown to define danger zones for these

predator-prey pairs (Sullender et al., 2023). Cougars have an advantage over deer at snow
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densities between 210 — 450 kg/m?3, and wolves have a slightly broader advantage range, at
densities between 110 — 460 kg/m? (Sullender et al., 2023).

We defined the minimum snow depth that would impede ungulate mobility as half the
chest height of deer (>30 cm; average chest height of 61.7 cm and 59.2 cm for adult white-tailed
and mule deer, respectively; Parker et al., 1984; Telfer & Kelsall, 1984). This snow depth is
recognized as a threshold for deer above which nutritional stress, energy expenditure, and
predation risk all increase dramatically (Ganz et al., 2022; Telfer, 1970; White et al., 2009). In
addition to driving general shifts in ungulate movement and habitat use (DelGiudice et al., 2013;
Morrison et al., 2003; Sabine et al., 2002), snow deeper than 30 cm doubles the energetic costs of
locomotion (Hobbs, 1989; Parker et al., 1984) and increases predation rates as much as threefold
(DeLgiudice et al., 2002; Fuller, 1991; Nelson & Mech, 1986).

In the context of our modeled snow properties, we categorized each 30-m daily cell for
baseline, SSP2-4.5, and SSP5-8.5 snow conditions into whether that cell, on that day, had
sufficient snow depth and density to provide a movement advantage for predators over prey (i.e.,
a “danger zone day”’). We aggregated these data by cumulative extent (for a given day, the sum
of 30m cells classified as danger zones) and by cumulative duration (for a given 30m cell, how
many days would be classified as danger zones). We defined seasons as autumn from September
to November, winter from December to February, spring from March to May, and summer from
June to August. We excluded summer from our analyses due to lack of snow cover. We
computed daily statistics from the five-year runs of each of our three climate simulations

(historic, SSP 2-4.5, and SSP 5-8.5).
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5.3.5 Predator Home Ranges

We used GPS-collared animals to determine predator home ranges, based on wildlife
telemetry data from the Washington Predator-Prey Project (described in Bassing et al. [2023])
Location fix rates varied between 2 and 12 hours, depending on the species, year, and collar
model. After excluding dispersing animals, erroneous locations, and individuals with fewer than
50 locations in a given season, we analyzed GPS collar data from 49 cougars (99 animal-years)
and 53 wolves (98 animal-years), resulting in a total of 195,758 predator locations between 2017
and 2022. We generated kernel density estimates for each individual animal, each year, and each
season. We then extracted the 95% isopleth for each kernel density estimate to approximate
seasonal predator home ranges (Prugh et al., 2023). We used the amt (Signer et al., 2019) and
terra (Hijmans, 2024) packages in R for all home range analyses. We followed the same
methods described above to extract the mean number of danger zone days within each
individual’s home range. We used Kruskal-Wallis tests and subsequent Dunn’s tests to examine
differences in danger zone durations between species, regions, and seasons. To compare single-
species home ranges with region-wide patterns, we used the Wilcoxon signed-rank test as a non-

parametric single-sample test.

5.4 Results
5.4.1 Baseline and Projected Snow Conditions

Our SnowModel simulations reasonably captured snow dynamics during our baseline
period of 2018-2022, using daily observations from 11 SNOTEL stations across our study areas.

There was good agreement between modeled and observed peak snow water equivalent (SWE;
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Pearson’s = 0.81) and melt rates (Pearson’s » = 0.67; details in Supplement), two key
components of snow physical processes (Besso et al., 2024; Clark et al., 2015; Raleigh &
Lundquist, 2012). Our five-year baseline encompassed enormous variability in snow conditions
(Figure 5.2a), including record-high snow water equivalent (2018 at Sentinel Butte SNOTEL
station) as well as 2019’s low snowpack that remained below the 10th percentile of the long-term
record (Rainy Pass SNOTEL station; Natural Resources Conservation Service, 2025).

Our climate perturbations (Table 5-1) significantly reduced snowpacks across the
majority of both study areas. Annual peak SWE at the 11 SNOTEL stations used in validation
declined by 14.0% and 27.4% in our 2050s SSP2-4.5 simulation compared to the 2018-2022
baseline for the Northeast and the Okanogan study areas, respectively. Under SSP5-8.5, these
declines in peak SWE reach 27.3% for Northeast and 35.2% for Okanogan. Snowpack losses
were most dramatic on valley floors and south-facing slopes (Figure 5.3a-b). However, some
high-elevation terrain accumulated more snow under climate-change scenarios, including alpine
areas immediately surrounding Castle Peak (2543m; 48.98N, 120.86W) and Eldorado Peak
(2703m; 48.54N, 121.13W) in the Okanogan study area and the northern slopes of Taylor Ridge
(1880m; 48.8N, 118.38W) and Jackknife Mountain (1549m; 48.72N, 118.26W) in the Northeast

study area (Figure 5.3a-b).
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Table 5.1. Seasonal perturbations used in climate change projections. We adjusted input forcing
parameters based on these values, then used SnowModel’s MicroMet submodule (Liston & Elder
2006) to downscale the modified forcing data into 30m-compatible meteorological variables.

Temperature Precipitation

Scenario  Season Months Change (°C) Change (%)
SSP 2-4.5  Fall Sep, Oct, Nov 291 3.55

SSP 2-4.5 Winter Dec, Jan, Feb 2.47 7.05

SSP 2-4.5 Spring Mar, Apr, May  2.43 6.77

SSP 2-4.5 Summer  Jun, Jul, Aug 3.29 -4.11

SSP 5-8.5 Fall Sep, Oct, Nov 3.67 3.48

SSP 5-8.5 Winter Dec, Jan, Feb 3.29 9.63

SSP 5-8.5  Spring Mar, Apr, May  3.02 6.36

SSP 5-8.5 Summer Jun, Jul, Aug 4.27 -4.95

5.4.2 Danger Zones

Climate change simulations dramatically reduced both the extent and duration of snow
conditions that provided an advantage to predators over prey (danger zones). As defined by 1)
snow densities that support large carnivores on the snow surface while ungulate prey sink deep
into the snowpack, and 2) snow depths sufficient to impede prey movements, danger zones were
widespread across both our study areas during the historic period (2018-2022). This snow-based
advantage reached a maximum in mid-winter: on Feb 18, a baseline-period average of 56% and
59% of our combined study areas (45,304 km?) provided an advantage to cougars and wolves,

respectively. For most of the year, however, danger zones typically covered far less area. From
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Oct 1 - April 30, baseline conditions in a median of 15.8% (7,151 km?) of the study area
provided an advantage for cougars over deer (Figure 5.2b) and 17.5% (7,917 km?) for wolves
(Figure 5.2¢). The mid-winter danger zone maximum declined to 26% of our combined study
areas (cougars) and 28% (wolves) with SSP2-4.5 and 18% (cougars) and 20% (wolves) with
SSP5-8.5. Mid-century, moderate climate change (SSP2-4.5 2050s) led to a three-fold reduction
in danger zone extent for both predators (median cougar danger zone extent = 2,374 km?; median
wolf danger zone extent = 2,980 km?). Severe climate change (SSP5-8.5) reduced the median
danger zone extent even more dramatically (Figure 5.2b-c), resulting in an approximately five-
fold reduction by mid-century (median cougar danger zone extent = 1,468 km?; median wolf
danger zone extent = 1,931 km?).

Throughout our baseline 2018-2022 conditions, a cumulative 39 days per year (standard
deviation = 28 days) provided a snow-mediated movement advantage for predators in the
Northeast study area and 67 days/year (SD = 43 days) in our Okanogan study area (Figure 5.3a).
The moderate climate-change scenario decreased these region-wide durations to 11 days/year
(SD = 19 days) and 37 days/year (SD = 35 days) in Northeast and Okanogan, with severe climate
change further reducing these durations to 6 days/year (SD = 14 days; Northeast) and 29
days/year (SD = 31 days; Okanogan). Across both regions, winters (Dec-Feb) had far more days
(39 days/year on average) during which predators gained an advantage compared to the autumn

(Sept-Nov; 5 days/year) or spring (Mar-May; 8 days/year; Figure 5.3a).
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Figure 5.2. Total cumulative extent of snow conditions that provide an advantage to predators
over deer (“danger zone”). (a) shows annual time series of total danger zone extent, Oct 1 - May
1, across both study areas for individual years used in baseline (blue), as well as baseline median
(gray), SSP2-4.5 median (moderate climate change scenario; lavender), and SSP5-8.5 median
(severe climate change scenario; purple). Although (a) shows results for cougars-deer, results are
nearly identical for wolves-deer because of the substantial overlap between danger zone

definitions for these two predators. (b) and (c) show winter only (Dec 1-Feb 28/29) cumulative
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extent of danger zones across baseline, SSP2-4.5, and SSP5-8.5 scenarios for (b) cougars and (c)
wolves. Dots indicate median cumulative extent of danger zones for each scenario. Under
climate-change projections, both predators will suffer a reduced extent of areas in which to
exploit a snow-mediated advantage over ungulate prey, with the most marked reduction during

midwinter.
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Figure 5.3. Change in mid-winter snow conditions that provide an advantage to predators over
ungulate prey, for projections of (a) moderate climate change (SSP2-4.5) and (b) severe climate
change (SSP5-8.5). Both panels use an identical color ramp to show the change in number of
days from Dec 1 - Feb 28/29 when snow conditions are advantageous relative to a baseline of
2018-2022. Negative values highlight declining danger zones, with the darkest red areas (-60
days) showing areas where predator-advantage snow conditions have entirely disappeared from a

baseline that previously lasted two entire months. Base data derived from NASA SRTM (2013).

5.4.3 Predator Home Ranges

From 2018-2022, cougar and wolf seasonal home ranges had similar overall durations of
danger zones to the region-wide average (Table 5.2; Figure 5.4a), although in the Okanogan
study area, home ranges of both cougars and wolves had significantly more danger zone days in
winter than regional averages (cougars: n=23, V=255, P<0.001; wolves: n=30, V=354, P<0.05).
Across both regions and across all seasons, wolves had two more days of danger zones within
their home ranges than cougars (x°= 30.41, P <0.001). The only exception to this broader
pattern was Okanogan cougars, which averaged four more days of danger zones than wolves (y

=15.03, P <0.001).
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Figure 5.4. Seasonal comparison of average duration of predator-advantaged snow conditions
(danger zones) within each individual predator’s home range within the Okanogan study area.
Durations calculated for (a) baseline snow conditions (2018-2022), (b) moderate climate-change
scenario (SSP2-4.5), and (c) severe climate-change scenario (SSP5-8.5). Predator home ranges
defined as the isopleth bounding the 95% kernel density estimate for GPS-collared animals,
computed for each year, each season, and each individual. Seasons defined as autumn including

Sep-Nov, winter Dec-Feb, and spring Mar-May.
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Table 5.2. Comparison of snow conditions within apex predator seasonal home ranges to

conditions within broader regions. Cells with a single * have significantly shorter duration of

danger zones (snow conditions that provide an advantage to predators over ungulate prey) than

regional average, and cells with a double ** have significantly longer duration (significance

defined as P<0.05 with Wilcoxon signed-rank test). Seasons defined as autumn = Sep-Nov,

winter = Dec-Feb, and spring = Mar-May.

Species Region Season n Mean Baseline Mean SSP2-  Mean SSP5-
Individual- Danger Zone 4.5 Danger 8.5 Danger
Years Duration Zone Duration Zone Duration

(days) (days) (days)

Cougar Northeast Autumn 54 0.0* 0.0* 0.0*

Cougar Northeast Winter 48 28.3% 4.7*% 2.3%

Cougar Northeast Spring 55 5.5% 0.0* 1.1

Cougar Okanogan Autumn 23 10.1 2.7 1.7

Cougar Okanogan Winter 23 60.0%* 31.1 21.8

Cougar Okanogan Spring 22 12.5%* 5.6 4.2

Wolf  Northeast Autumn 45 0.2% 0.0* 0.0*

Wolf  Northeast Winter 49 334 8.5 4.6*

Wolf  Northeast Spring 42 7.2 2.1 0.0*

Wolf  Okanogan Autumn 32 6.9 1.8* 1.1*

Wolf  Okanogan Winter 30 51.6%* 25.7* 18.0*

Wolf  Okanogan Spring 29 11.1 5.1 3.8
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5.5 Discussion

Across the northern hemisphere, the physical properties of snow strongly shape habitat,
distribution, and interactions of a wide range of wildlife species. We quantified likely changes to
snowpack in mid-century under two different climate-change scenarios and translated these
hydrological changes into ecological impacts by extracting physical properties important to
ungulate-carnivore interactions. As hypothesized (H/), region-wide snow conditions (i.e.,
minimum depth and range of densities) that provide a movement advantage to large carnivores
over ungulate prey will decrease dramatically in both spatial extent and in duration under
scenarios of climate change. Crucially, these ecologically relevant declines (65% decline in
extent and 55% decline in duration for SSP2-4.5) are more than double the magnitude of the
general hydrological declines we estimated (21% decline in maximum snow water equivalent for
SSP2-4.5). Thus, our results indicate that apex predators in snowy ecosystems will bear the
impacts of climate change on a scale disproportionate to actual physical changes.

Although there is high variability in snowpack predictions due in part to complex
underlying physical processes (Newman et al., 2021; Rasmussen et al., 2011), we found declines
in snowpack similar in magnitude to those estimated by other recent studies (Gergel et al., 2017;
Siirila-Woodburn et al., 2021). Our estimates of overall peak SWE decline in the Okanogan
region (27.4% for SSP2-4.5 and 35.2% for SSP5-8.5) correspond to similar estimates of 33.6%
and 41.3% for a similar region in Gergel et al. (2017) and a 36% decline in SWE over the entire
western United States (Siirila-Woodburn et al., 2021).

Our prediction that climate change will reduce winter movement advantages of cougars
and wolves over deer is likely relevant to other predator-prey pairs as well. Snow conditions

have been linked with habitat use, seasonal distribution, and hunting success rates for a wide

164



variety of predators: Arctic foxes (Vulpes lagopus; Bilodeau et al., 2013), bobcats (Lynx rufus;
Koehler & Hornocker, 1991), cougars (Sullender et al., 2025), coyotes (Canis latrans; Peers et
al. 2020), Canada lynx (L. canadensis; Stenseth et al., 2004), stoats (Mustela erminea; Bilodeau
et al., 2013), wolverines (Gulo gulo; Glass et al., 2021), and wolves (Nelson & Mech, 1986) all
benefit to some extent from different combinations of snow properties. As noted in this study,
our results are surprisingly species agnostic - despite different ranges of snow densities that
provide a movement advantage (Sullender et al., 2023), both cougars and wolves are likely to be
affected similarly by projected snow loss associated with the two climate-change scenarios
(Figure 5.2b-c). Similarly, because all cervids share the general morphological characteristics of
comparatively higher foot-loads than their mammalian predators (Penczykowski et al., 2017;
Telfer & Kelsall, 1984), the danger zones we identify are likely to be conserved for ungulate
prey species not analyzed here. Besides the two species of deer (Odocoileus spp.) analyzed here,
snow-mediated vulnerability to predation has also been observed in moose (A4lces alces; Dussault
et al., 2005), roe deer (Caproeolus spp.; Jedrzejewski et al., 2002; Mysterud & Ostbye, 2006),
elk (Cervus canadensis; Horne et al., 2019; Kittle et al., 2008), and red deer (Cervus elaphus;
Gervasi et al., 2013). The regional exceptions to our snow projections have similar directional
conclusions: the high Arctic is one of very few ecosystems predicted to have increased snow
accumulation with climate change (Newman et al., 2021). Although greater snow depth might be
expected to benefit Arctic wolves, the primary ungulate prey (caribou/reindeer; Rangifer
tarandus) have much lower foot-loads than temperate-latitude deer (Telfer & Kelsall, 1984) and
therefore do not share the same vulnerabilities to deep, low-density snow (Sullender et al., 2023).
Thus, in winter, climate change is likely to tilt movement advantages away from predators and

towards prey during winter across many large mammal communities worldwide.
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As components of suitable habitat shift — including advantageous snow conditions —
wildlife are expected to shift distribution to track their preferred niches (Berg et al., 2010; Pecl et
al., 2017). We show that, counter to our expectations (H2), snow conditions should become
worse for cougars and wolves within current predator home ranges than on average across our
study regions (Table 5.2). A handful of high-elevation climate strongholds will stay snowier for
longer and extend predator advantage into mid-century, but the extent of these areas is far more
limited than hypothesized. Furthermore, apex predator home ranges include both mountainsides
and valley floors, which will be more strongly affected by climate change than alpine areas
(Figure 5.3). It is possible that predators will track snow conditions upslope, but if prey remain at
low elevations, this redistribution may prove counterproductive as hunting opportunities become
less frequent. In addition to reducing predation risk, diminishing snow depths will increase food
availability and thus enhance suitable winter foraging habitat for ungulates such as Sitka black-
tailed deer (O. hemionus sitkensis; Gilbert et al., 2017), white-tailed deer (Garroway & Broders,
2005), moose (Leblond et al., 2010), and roe deer (Mysterud & Ostbye, 2006). Robust ecological
evidence suggests that ungulates strongly select habitat that minimizes exposure to predation
(Bassing et al., 2024; Ganz et al., 2022; Ganz, DeVivo, et al., 2024; Penczykowski et al., 2017),
so with both improved foraging and reduced predation risk, ungulates are likely to stay at lower
elevations in winter. However, snow is also a strong migration cue in ungulates (Ortega et al.,
2024; Rivrud et al., 2016), with later frost and later snowfall resulting in delays in autumn
migration for elk of nearly 50 days, for example (Rickbeil et al., 2019). The changing seasonal
signals — such as the region-wide reduction in autumn snow that our scenarios predict (Figure
5.4) — might offset some of the effects of wildlife redistribution, as ungulates may move through

predator-inhabited areas later in the season, when snow is more likely to be sufficiently deep to
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provide a “danger zone” advantage. The influence of projected declines and delays in snowfall
on ungulate migration remains a critical, unanswered question, with direct bearing on the future
of predator-prey interactions in a changing climate.

Although we do not directly quantify migratory movements, our results do include both
autumn and spring migratory seasons. Already-marginal snow conditions during these shoulder
seasons will become even poorer for predators under scenarios of climate change (Figure 5.4).
Autumns during our baseline period had too little snow accumulation for prey to be significantly
slowed, and the forecasted 2.9°C (SSP2-4.5) and 3.7°C (SSP5-8.5) autumn temperature increase
further reduced snow persistence. Spring, by contrast, typically had sufficient snow depth to
affect predator-prey interactions, but quickly became dense enough to support predators and prey
alike (Figure 5.4). During the melt period (typically, Apr-May; Figure 5.2a), snow becomes
saturated with liquid water during daytime and structurally hardens during overnight re-freeze or
consolidation periods (Bormann et al., 2013; Breen, 2024). Mid-century scenarios of climate
change advance the initiation of these melt periods (Figure 5.2a), in which snow becomes too
dense for predators to effectively exploit. Given that longer-lasting and greater coverage of snow
in these shoulder seasons have been linked with major negative impacts on ungulate body
condition, mortality, and population trends (Loe et al., 2021; Rattenbury et al., 2018; van de
Kerk et al., 2018), the seasonally reduced extent and duration of danger zones will likely benefit
herbivores.

Together with these milder autumns and springs, ungulates within our study area should
also benefit from changes in winter conditions. Climate-driven reductions in winter severity,
typically defined as a combination of increased snow depth and lower temperatures (Ganz,

Bassing, et al., 2024), will result in all endothermic mammals expending less energy on
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locomotion and homeostasis (Bryce et al., 2022; Créte & Lariviere, 2003; Long et al., 2014).
When combined with predation, winter severity has been identified as the leading driver of
juvenile and female mortality in ungulate populations across the Northern Hemisphere
(DeLgiudice et al., 2002; Forrester & Wittmer, 2013; Griffin et al., 2011; Holmes et al., 2021).
With these mid-winter environmental constraints lifted by a warmer, less snowy climate (Felton
et al., 2024), we expect ungulate survival and recruitment to increase as a function of superior
habitat quality (Rivrud et al., 2019), reduced energetic demands (Long et al., 2014), and a
projected decrease in predation success rates (Figure 5.2). This may lead to an indirect, time-
lagged benefit for carnivores: foundational theories of multi-species dynamics — i.e., Lotka-
Volterra predator-prey models (Lotka, 1920; Volterra, 1927) — indicate that predators benefit
from increasing prey density as more young, old, and infirm individuals become available (Post
et al., 1999). This indirect pathway could buffer against potential predator population declines as
result of the dramatic decrease in winter hunting quality that we quantify here.

As climate science advances, there has been a proliferation of potential approaches to
translate between projections from global climate models (GCMs) into regional or local
ecological impacts. Despite significant improvements in each generation of CMIP (Mudryk et
al., 2020; Taylor et al., 2023; Tittensor et al., 2021), GCM performance still varies widely across
different regions, timescales, and output parameters (Deser, Phillips, et al., 2012; Lybarger et al.,
2024), making computationally demanding ensemble approaches critical to reducing bias
(Ahmed et al., 2019; Deser et al., 2020; Pierce et al., 2009). Furthermore, the coarse scale of
GCMs poorly captures influential regional-scale phenomena such as orographic uplift or lake
effect snow (Maraun et al., 2010; Rahimi, Huang, Norris, Hall, Goldenson, Krantz, et al., 2024;

Strong et al., 2014), requiring yet more investment in statistical or dynamical downscaling to
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resolve these processes. Even with all these complex modifications of GCM projections, natural
climate variability remains the primary source of uncertainty in model output and cannot be
entirely eliminated through these approaches (Deser, Phillips, et al., 2012; Liu et al., 2017;
Rahimi, Huang, Norris, Hall, Goldenson, Risser, et al., 2024). This natural variability is
especially heightened for winter at mid- and high-latitudes (Deser, Knutti, et al., 2012; Gutmann
et al., 2012) —i.e., areas with seasonal snowcover, which makes selection of an appropriate
methodology especially challenging for snow-related applications such as ours (Mortezapour et
al., 2022; Norris et al., 2025). In this study, our comparatively simple pseudo-global warming
approach isolates two high-confidence features of climate change (increasing temperatures and
seasonally varying precipitation) and, by using a multi-year baseline capturing much of our
region’s natural variability, avoids pitfalls common to GCMs (Deser et al., 2014; Liu et al., 2017;
Rasmussen et al., 2011; Scalzitti et al., 2016). GCMs and myriad downscaling approaches hold
promise but, in addition to the non-trivial internal variability issues described above, also require
significant computational resources and storage space (Rahimi, Huang, Norris, Hall, Goldenson,
Krantz, et al., 2024). We suggest that the pseudo-global warming approach is an underused yet
valuable tool for quantifying the ecological implications of climate change when accurately
capturing local physical processes is of primary importance.

Our results indicate that predators may have less time and less area over which to exploit
movement advantages, which should increase overwinter survival rates of ungulates. Thus,
natural resource managers may need to adjust harvest quotas to account for more limited mid-
winter predation and milder winter conditions. Additionally, our spatially and temporally explicit
analysis predicts where and when predators should have the most success in attacking prey, and

areas that are most likely to remain important for sustaining predator populations in the future,
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guiding conservation efforts and management actions. As wildlife managers, policy makers, and
the general public alike grapple with how our planet is changing, our study provides insight into
how predator-prey interactions might shift, as well as when and where predator-preferred snow

will endure.
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CHAPTER 6: CONCLUSIONS

My dissertation is built from a foundation of multiple lines of evidence. As part of
intensive winter field campaigns, my field crew and I excavated a total of 982 snow pits over the
course of four years (2021-2024). These observations included snow-tracking large mammals,
repeated surveys in the same location to track how conditions change over time, and
comparisons of upper layers to the full depth of the snowpack, all with the goal of establishing a
mechanistic link between physical snow properties and wildlife movement. These snow pit
measurements spanned three major ecosystems: Okanogan study area (n = 546), Northeast
Washington (n = 39), and Denali National Park & Preserve, Alaska (n = 397). Besides use in
three publications thus far (Breen et al., 2024; Prugh et al., 2024; Sullender et al., 2023), a
cleaned and filtered version of these snow pit data are available publicly at the Oak Ridge
National Laboratory Distributed Active Archive Center:

https://doi.ore/10.3334/ORNLDAAC/2188.

To complement our field observations, I was fortunate to have access to large mammal
location data from two major wildlife research efforts. First, the Washington Predator Prey
Project deployed 670 GPS collars on mule deer (Odocoileus hemionus), white-tailed deer (O.
virginianus), elk (Cervus canadensis), bobcats (Lynx rufus), cougars (Puma concolor), coyotes
(Canis latrans), and wolves (Canis lupus) from 2016-2022 (Bassing, 2022; Ganz, 2022; Ganz et
al., 2024; Prugh et al., 2023). I use these data in Chapters 3 and 5. Secondly, I benefitted from
association with the NASA’s Arctic Boreal Vulnerability Experiment (ABoVE), which
contributed to aggregating moose (4lces alces) GPS collar data across a wide swath of North

America (Boelman et al., 2019; Cunningham et al., 2022). These data form the core of Chapter 4.
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Finally, my work leveraged cutting edge models that represent physical snow processes at
unprecedented temporal and spatial scales (Liston & Elder, 2006; Mower et al., 2024). With
snow experts building and running these models, I used my field measurements and existing
networks of snow observation stations (Natural Resources Conservation Service, 2025) to
validate model output. I found that snow model output accurately represented the key processes
and key metrics of snowpack, allowing me to directly use dynamic snow conditions as landscape
features in my spatial analyses (Chapters 3 and 4), as well as quantify specific changes projected
in climate models (Chapter 5). Using these three distinct lines of evidence — field observations,
GPS collar data, and physically based snow modeling — I assessed how winter conditions affect
wildlife species and community interactions, thereby influencing ecosystem function.

By combining simultaneous observations of snow and wildlife, my dissertation provides
a useful framework to connect the otherwise disparate fields of snow science and wildlife
ecology (Reinking et al., 2022). In Chapter 2, I found that snow density provides the strongest
direct link to wildlife movement. This key variable — among hundreds of other measurable snow
properties (C. Fierz et al., 2009) — interacts with snow depth to define where ungulates have
reduced mobility compared with canids and felids, thereby providing an edge to the predators
and a “danger zone” for prey. The utility of this density-and-depth framework was further
underscored by strong GPS collar evidence (Chapter 3). Namely, certain snow conditions that
maximize movement advantages for predators can be more influential than other components of
habitat such as the dense forest and rugged terrain that cougars use as cover while stalking prey
or the open, flat landscapes preferred by wolves for longer-distance chases. These findings

enabled a quantitative assessment of the projected impact of climate change on predator-prey
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interactions across the Pacific Northwest (Chapter 5), as well as provide future researchers an
entry point to link the cryosphere with the biosphere.

Snow-adapted species respond to the winter environment in myriad ways that influence
broader scale metrics like population growth (Post et al., 1999), range limits (Johnston et al.,
2012), genetic connectivity (Stenseth et al., 2004), and even potential persistence (Peers et al.,
2020). Wildlife biologists have long noted that some large mammal species benefit from
generally snowier conditions while others suffer (Mech & Boitani, 2003; Murie, 1944). Applying
the more specific delineation of wildlife-relevant snow properties from Chapters 2 and 3, I found
that, regardless of functional traits such as hunting mode, apex predators appear to exploit snow
densities and depths that provide a movement advantage over ungulate prey (Chapter 3). This
finding holds relevance for a wide range of predators with similar morphology (Murray &
Lariviere, 2002; Penczykowski et al., 2017; Telfer & Kelsall, 1984), indicating that predators
better able to exploit given snow conditions may gain a competitive edge over sympatric
carnivores (Atwood et al., 2009; Kolbe et al., 2007; Peers et al., 2020). On the other hand,
winters serve as a nutritional bottleneck for ungulates (Kautz et al., 2020; Mahoney et al., 2018;
Parker et al., 2009), with increased energy expenditure (Dailey & Hobbs, 1989; Parker et al.,
1984) and reduced forage availability (Schwab & Pitt, 1991; Stien et al., 2010). We show that the
demands of thermoregulation — specifically in moose, an exceptionally cold-adapted species —
compound these negative impacts as habitat selection and behavioral shifts further reduce
nutritional inputs (Chapter 4). We implicate winter conditions as a likely contributor to range
contraction along the southern margin of moose distribution, describing a potential factor behind

population-scale observations (Hoy et al., 2018; Ruprecht et al., 2016).

196



As wildlife navigate a rapidly warming planet, understanding how geophysical changes
to snowpacks will translate to ecosystem-level impacts is critical. Unequivocal analyses indicate
that snow will decline across many metrics: snow mass (Pulliainen et al., 2020), snowfall
converting to rainfall (Nolin et al., 2021; Nolin & Daly, 2006), and snow cover extent and
duration (Bormann et al., 2018; Brown & Mote, 2009). These projections are primarily
interpreted in the context of hydrology (Brown & Mote, 2009; Immerzeel et al., 2020),
geophysical processes (Musselman et al., 2018; Scaff et al., 2024), or single-species models
focused on habitat suitability (Johnston et al., 2012; Rivrud et al., 2019). Although species
interactions have a major role in structuring ecosystem function (Blois et al., 2013; Gilman et al.,
2010; Post, 2013), significant challenges remain in representing dynamic and complex snow
conditions at a wildlife-relevant scale (Reinking et al., 2022) and in resolving the computational
demands of how these conditions are projected to change in the future (Norris et al., 2025). Our
analysis in Chapter 5 — applying two climate change scenarios and modeling consequent changes
in snow depth and density at a daily, 30m scale — addresses this gap and reveals that apex
predators in the Pacific Northwest are likely to suffer disproportionately to the scale of
geophysical changes. As hydrologists, wildlife biologists, natural resource managers, decision-
makers, and winter enthusiasts alike grapple with our changing snowpacks, my dissertation
outlines several key advances in our understanding of how snow shapes our world.

Finally, my dissertation raises key questions that merit deeper investigation. Most
importantly, I do not explicitly link demographic parameters or population dynamics to my
findings. Effective population modeling requires years of consistent monitoring to effectively
account for the wide range of variables that influence large mammal populations. Future work to

gather baseline data and continually track wildlife populations is of paramount importance to
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being able to step beyond changes to individual movement, behavior, and habitat selection
towards forecasting expected population trends. Additionally, the extensive fieldwork and multi-
taxa data collection efforts from the Washington Predator-Prey Project offer an opportunity to
unpack wildlife dynamics in unprecedented detail, and future studies following the same data
streams could serve as valuable barometers of how populations are responding to the changes
identified in my dissertation and elsewhere (Bassing, 2022; Ganz, 2022). A longer time-series
helps make sure that our findings are not an artifact of an unusual window of time but instead
represent broader patterns. Although quantitative analysis relies on previously gathered data and
therefore must be retrospective, ecology is a dynamic process. Ecologists must be prepared to

match the pace of wildlife as we together navigate an uncertain and rapidly changing planet.
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APPENDIX A: SUPPORTING INFORMATION FOR CHAPTER 2

Defining the danger zone: critical snow properties for predator-prey interactions

Table Al. Effectiveness of deeper snow density as a predictor of moose sink depth and
correlation with near-surface (<30 cm) snow density. We sampled snow density in 10 cm
increments to the full depth of the snow pit, which was as deep as 80 cm from the surface, for a
subset of moose tracks (n = 15; average track sink depth = 46.0 cm). We then used linear
regression to determine how much the additional measurements would improve the density-
sink depth relationship. AvgDens0-80 represents bulk density (i.e., density averaged across the

full depth of the snowpack).

Density Depth Correlation with  Correlation with  Correlation with
Class R? AvgDens0-10 AvgDens0-20 AvgDens0-30

AvgDens0-10  0.259 1.00

AvgDens0-20  0.353 0.98 1.00

AvgDens0-30  0.534 0.90 0.95 1.00

AvgDens0-40 0.525 0.79 0.87 0.97

AvgDens0-50  0.539 0.78 0.86 0.96

AvgDens0-60  0.500 0.78 0.86 0.95

AvgDens0-70  0.459 0.76 0.83 0.92

AvgDens0-80 0.394 0.74 0.80 0.88
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Table A2. Regional comparison results. For each species occurring in both Alaska and

Washington, we added region as an interaction term to the best overall single-variable

(AvgDens0-20) generalized additive model. We compared fitted models using Akaike

information criterion corrected for small sample sizes (AICc), which accounts for goodness of fit

while penalizing models to minimize overfitting (Anderson & Burnham 2002). The relationship

between sink depth and density varied by region for moose and wolves but not for coyotes. K

represents number of parameters.

Species Model Description K  Log likelihood  AIC. AAIC,
Coyote AvgDens0-20 3 -572.806 1152.6 0
Coyote AvgDens0-20*Region 5 -574.711 1160.8 8.17
Moose AvgDens0-20*Region 9 -572.241 1163.9 0
Moose AvgDens0-20 6 -579.736 1173.3 9.35
Wolf AvgDens0-20 3 -398.454 803.6 0
Wolf AvgDens0-20*Region 6 -395.359 804.8 1.17
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Table A3. Pairwise predictor variable correlations. Because snow properties are non-independent, some properties cannot be
included as predictor variables in the same model. We omitted all predictor variables with correlation >|0.7| (in bold below).
AvgDens = snow surface density as measured by a 10x10cm 1000cc density cutter; IceTop = presence of ice layers; HH = thickness-
weighted hand-hardness average using the 5-point stratigraphy scale; AvgTuna = sink depth of cylindrical penetrometer (ie tuna can);
Totallce = cumulative ice thickness. 0-10 = 0-10cm depth (ie top 10cm); 0-20 = 0-20cm; 0-30 = 0-30cm; 0-40 = 0-40cm; 0-50 = 0-50cm.

AvgTuna AvgDens0-10 AvgDens0-20 AvgDens0-30 HHO0-10 HHO-20 HHO0-30 HHO-40 HHO-50

AvgTuna 1.00 -0.78 -0.75 -0.72 -0.70 -0.64 -0.59 -0.52 -0.46
AvgDens0-10 -0.78 1.00 0.95 0.91 0.75 0.74 0.69 0.63 0.57
AvgDens0-20 -0.75 0.95 1.00 0.98 0.67 0.74 0.71 0.67 0.63
AvgDens0-30 -0.72 0.91 0.98 1.00 0.63 0.72 0.71 0.69 0.66
HHO-10 -0.70 0.75 0.67 0.63 1.00 0.87 0.77 0.67 0.60
HHO-20 -0.64 0.74 0.74 0.72 0.87 1.00 0.94 0.86 0.80
HHO-30 -0.59 0.69 0.71 0.71 0.77 0.94 1.00 0.95 0.89
HHO-40 -0.52 0.63 0.67 0.69 0.67 0.86 0.95 1.00 0.97
HHO-50 -0.46 0.57 0.63 0.66 0.60 0.80 0.89 0.97 1.00
IceTop10 -0.25 0.30 0.29 0.28 0.41 0.42 0.40 0.38 0.35
IceTop20 -0.22 0.29 0.30 0.30 0.35 0.41 0.41 0.40 0.38
IceTop30 -0.20 0.25 0.30 0.30 0.27 0.37 0.40 0.42 0.41
IceTop40 -0.13 0.17 0.23 0.26 0.17 0.28 0.32 0.39 0.40
IceTop50 -0.06 0.12 0.18 0.21 0.14 0.24 0.28 0.35 0.38
Totallce10 -0.25 0.37 0.34 0.33 0.51 0.48 0.47 0.42 0.40
Totallce20 -0.23 0.36 0.37 0.36 0.45 0.53 0.51 0.48 0.45
Totallce30 -0.23 0.35 0.38 0.37 0.43 0.51 0.54 0.52 0.51
Totallce40 -0.21 0.32 0.36 0.37 0.37 0.47 0.51 0.55 0.55
Totallce50 -0.17 0.25 0.31 0.33 0.29 0.40 0.44 0.50 0.53

209



Table A3. continued.
IceTop10 IceTop20 IceTop30 IceTop40 IceTop50 Totallcel0 Totallce20 Totallce30 Totallce40 Totallce50

AvgTuna -0.25 -0.22 -0.20 -0.13 -0.06 -0.25 -0.23 -0.23 -0.21 -0.17
AvgDens0-10 0.30 0.29 0.25 0.17 0.12 0.37 0.36 0.35 0.32 0.25
AvgDens0-20 0.29 0.30 0.30 0.23 0.18 0.34 0.37 0.38 0.36 0.31
AvgDens0-30 0.28 0.30 0.30 0.26 0.21 0.33 0.36 0.37 0.37 0.33
HHO-10 0.41 0.35 0.27 0.17 0.14 0.51 0.45 0.43 0.37 0.29
HHO-20 0.42 0.41 0.37 0.28 0.24 0.48 0.53 0.51 0.47 0.40
HHO-30 0.40 0.41 0.40 0.32 0.28 0.47 0.51 0.54 0.51 0.44
HHO-40 0.38 0.40 0.42 0.39 0.35 0.42 0.48 0.52 0.55 0.50
HHO-50 0.35 0.38 0.41 0.40 0.38 0.40 0.45 0.51 0.55 0.53
IceTop10 1.00 0.81 0.66 0.55 0.52 0.79 0.75 0.67 0.59 0.51
IceTop20 0.81 1.00 0.81 0.68 0.64 0.64 0.72 0.70 0.62 0.54
IceTop30 0.66 0.81 1.00 0.84 0.79 0.52 0.58 0.65 0.66 0.62
IceTop40 0.55 0.68 0.84 1.00 0.94 0.44 0.49 0.55 0.66 0.67
IceTop50 0.52 0.64 0.79 0.94 1.00 0.41 0.46 0.52 0.62 0.67
Totallce10 0.79 0.64 0.52 0.44 0.41 1.00 0.87 0.80 0.69 0.60
Totallce20 0.75 0.72 0.58 0.49 0.46 0.87 1.00 0.92 0.82 0.72
Totallce30 0.67 0.70 0.65 0.55 0.52 0.80 0.92 1.00 0.92 0.83
Totallce40 0.59 0.62 0.66 0.66 0.62 0.69 0.82 0.92 1.00 0.95
Totallce50 0.51 0.54 0.62 0.67 0.67 0.60 0.72 0.83 0.95 1.00
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Figure Al. Near-surface (0-20cm) snow density by snow class. Snow classes as defined by Sturm
et al. (1995) and Sturm & Liston (2021). An analysis of variance (ANOVA) yielded significant
variation in snow density between classes (Fs46s = 14.39, P < 0.001). A post-hoc Tukey’s Honestly
Significant Difference test showed that snow observations conducted in the boreal forest snow
class had the lowest density (n = 107, X = 197 kg/m3), followed by tundra (n = 174, x = 246
kg/m3). No significant differences were found between snow surface density for sites in
maritime (n = 2, x = 258 kg/m?3), ephemeral (n = 37, x = 290 kg/m3), prairie (n = 36, x = 279
kg/m3), or montane forest (n = 118, X = 265 kg/m3). An ANOVA and Tukey’s HSD test indicated
that tundra had more ice (Totallce50) than boreal forest (1.26 cm more ice in top 50 cm; P <
0.01) and montane forest (2.0 cm more ice in top 50 cm; P < 0.001). There were no other

significant differences in amount of ice across snow classes (Totallce50; Fs 463 = 4.15, P < 0.01).
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Figure A2. Relationship between tuna can sink depth and near-surface (0-20 cm) snow density.

Tuna can sink depth is the average of two drops of our 200 g cylindrical penetrometer (7 oz tuna
can, Chicken of the Sea Chunk Light; 8.2 cm diameter x 4.2 cm height) from a height of 50 cm
above the snowpack. The average absolute difference in tuna can sink depth replicate
measurements was 10% (0.6 cm / 5.8 cm), indicating relatively consistent performance. Tuna
can sink depth is a good predictor of near-surface snow density (adjusted R? = 0.72), which can
be modeled using linear regression as In(AvgDens0-20) = 5.861 — 0.0641 * [AvgTuna]. Tuna can
sink depth is also a good predictor of 0-10 cm snow density (adjusted R? = 0.77; In[AvgDensO-

10] =5.865 - 0.0866 * [AvgTunal]).
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Figure A3. Regional differences in wildlife snow track surface area for coyotes, moose, and
wolves. Track surface area is approximate given the challenges of determining track dimensions
in soft snow and calculated using the area of an oval [pi * (Track width/2] * [Track length/2]). An
analysis of variance (ANOVA) and post-hoc Tukey’s Honestly Significant Difference test indicated
that tracks in Alaska were significantly larger than those in Washington for all species: coyotes

(F1,177 = 60.8, P < 0.0001, 10 cm? larger in AK), moose (F1,137 = 37.3, P < 0.0001, 41 cm? larger in

AK), and wolves (F1,123 = 37.3, P < 0.0001, 22 cm? larger in AK).
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Figure A4. Modeled relative sink depths and 95% confidence intervals for predator-prey pairs.
Each species’ sink depth was scaled to a percentage of hind leg length, creating a comparable
metric of ease of movement. We calculated danger zones by subtracting the predator sink
depth curve from the prey sink depth curve. If this difference in relative sink depth is positive,
the prey is at a movement disadvantage, which we define as a danger zone. If this difference is

negative, then there is no danger zone at that snow density.
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APPENDIX B: SUPPORTING INFORMATION FOR CHAPTER 3

Apex predators exploit advantageous snow conditions across hunting modes

B.1: Additional Methods for Generating Deer Index

To generate annual predictions of mule deer (Odocoileus hemionus) and white-tailed deer
(O. virginianus) distribution, we used GPS collar data from 2016-2021. First, we omitted the
three weeks of data immediately after capture for all individuals (Northrup et al. 2014, Van de
Kerk et al. 2020). In order to avoid migratory movements, we defined winter as December 1 —
March 1 (Bassing et al. 2023) and used net squared displacement to identify likely migration
periods (Bunnefeld et al. 2011), excluding all observations of migrating individuals (1032 fixes
for mule deer; 11 fixes for white-tailed deer). We excluded individuals with 50 or fewer
observations per winter (12 animal-years for mule deer; 2 individuals across 17 animal-years for
white-tailed deer). This left 142 unique mule deer (361 animal-years) and 90 unique white-tailed
deer (143 animal-years). Because our goal was to create a range-wide index of likely winter deer
distribution, we buffered each individual’s 100% minimum convex polygon by its diameter and,
for each observed location, we used the R package amt (Signer et al. 2019) to randomly generate
10 available locations within that individual’s buffered winter range (Bassing et al. 2023).

Because we were interested in deer responses to dynamic covariates, we used annually
updated land cover data from TerrAdapt:Cascadia (30m resolution; TerrAdapt 2022). These
datasets use remote sensing to identify changes in landcover. We used human footprint, canopy
cover, and combined detailed vegetation classes into three broad categories: open (snow/ice,
barren, emergent wetland, mesic grass forb, and xeric grass forb), shrub (mesic shrub and xeric

shrub), and forest (woody wetlands, deciduous, and conifer). For each of these three combined
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classes, we represented landcover as percent cover within a 250m-radius moving window at 30m
resolution for deer (Ganz et al. 2022, Bassing et al. 2023). We split deer telemetry data by year
and extracted each year’s habitat covariates — TRI, slope, landcover, human footprint, and
elevation — using terra (Hijmans 2024).

We used all extracted values in one model for mule deer and one model for white-tailed
deer. First, we checked for collinearity among habitat covariates, using Akaike information
criterion (AIC; Anderson and Burnham 2002) to select the most important of collinear (|t] > 0.7)
variables for each species (slope and TRI; percent forest, percent open, and canopy cover). Next,
we used these non-collinear variables in a binomial generalized additive model (GAM) fitted as
four independent thin-plate spline smooths, fitted with restricted maximum likelihood using the
mgcv package in R (Wood, S. N. 2017). The most parsimonious combination of variables for
mule deer was TRI, percent forest, percent shrub, human footprint, and elevation, whereas for
white-tailed deer the best combination was slope, percent forest, percent shrub, human footprint,
and elevation (Tables S1 and S2). We used k-fold cross-validation to validate our deer models
(Boyce et al. 2002, Morris et al. 2016), splitting our data into 5 bins with an equal number of
animal-years (72 or 73 animal-years per bin for mule deer and 28 or 29 per bin for white-tailed
deer). The Spearman rank correlation coefficient for mule deer was 0.989 and for white-tailed

deer was 0.931, indicating excellent model performance.
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Table B1. Most parsimonious correlated terrain covariates for ungulates (in bold). Terrain

ruggedness index performed best for mule deer, whereas slope performed best for white-tailed

deer.
Covariate Mule Deer Mule Deer White-tailed White-tailed
AIC AAIC Deer AIC Deer AAIC
Terrain ruggedness index 834393.8 0 311064.9 1118.1
Slope 835723.2 1329.4 309946.8 0

Table B2. Most parsimonious correlated landcover covariates for ungulates (in bold). Percent

forest performed best for both species of deer.

Covariate Mule Deer Mule Deer White-tailed White-tailed
AIC AAIC Deer AIC Deer AAIC
Percent forest 830101.2 0 310047.4 0
Canopy cover 841317.4 11216.2 310387.1 339.7
Percent open 843615 13513.8 314400 4352.6

217



- Mule Deer Relative ~ White-tailed Deer Relative =~
Probability of Selection ~ Probability of Selection g L)
High . AL

Figure B1. Results of deer resource selection functions for mule deer (Okanogan study area;

purple) and white-tailed deer (NE WA study area; blue).

B.2: Additional Methods for SnowModel

We ran SnowModel simulations for the winters of 2017-2022 (defined as September
through May) for the Okanogan and Northeast study areas using a water percolation scheme
(Pflug et al. 2019) that provides realistic model representations of rain-on-snow and midseason
melt, common in maritime snowpacks. We used the USGS National Elevation Dataset (NED) for
topography on a 30m grid (Gesch et al. 2018), the North American Land Change Monitoring
System (NALCMS) Land Cover 2015 map for vegetation on a 30m grid (Latifovic et al. 2016),
and forcing variables from a Weather Research Forecast (WRF) model from the National Center
for Atmospheric Research (NCAR) on approximately a 4-kilometer grid (Rasmussen et al. 2023).

Summary statistics from these comparisons (Table S3 and Figure S2) demonstrate good

agreement between observations from 2017-2021 and modeled snow depth and density. We used
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the pandas and xarray libraries in Python (Hoyer and Hamman 2017, The pandas development
team 2024) to extract bulk snow density (kg/m?) and snow depth (m) at a daily resolution for
each used and available carnivore GPS location, allowing us to assess the role of these snow

properties in predator movement.
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Table B3. SnowModel validation reporting root mean squared error (RMSE) and R2 values for

snow density (reported as snow water equivalent [SWE], which is how SNOTEL sites measure

bulk density) and snow depth. We collected observations Jan-Mar 2021 and 2022 and only

measured the top 30cm of snow density. SWE values for observations are extrapolations and

likely biased low. Locations of SNOTEL sites and field observations shown in Fig. B2.

Study Area SNOTEL Name / Observation SWE

Northeast
Northeast
Northeast
Northeast
Okanogan
Okanogan
Okanogan
Okanogan
Okanogan
Okanogan
Okanogan

Okanogan

Bunchgrass Meadow
Quartz Peak

Sentinel Butte

Field observations (n = 22)
Field observations (n = 359)
Hart's Pass

Muckamuck

Pope Ridge

Rainy Pass

Salmon Meadows

Swamp Creek

Trinity

RZ

0.81
0.72
0.86
0.16
0.21
0.96
0.85
0.87
0.93
0.71
0.90

0.65
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SWE
RMSE

(m)
0.20

0.19
0.09
0.13
0.85
0.10
0.08
0.09
0.15
0.07
0.06

0.32

Snow
Depth
RZ
0.87
0.80
0.87
0.50
0.11
0.93
0.87
0.84
0.95
0.79
0.92

0.78

Snow
Depth
RMSE (m)
0.72
0.59
0.29
0.50
0.30
0.29
0.14
0.19
0.55
0.28
0.23

0.88



Northeast WAIStudy/Ar

Figure B2. Sample SnowModel output (snow depth as of March 1, 2019 nd site used for
model validation. Daily snow metrics analyzed for 2017-2022 for SNOTEL sites (white crosses;
n =10). We conducted field observations from Jan-Mar 2021 and Jan-Mar 2022 (white dots; n =
381).
B.3: Additional Methods for Kill Site Validation

We identified probable and known mortality locations between 1 November — 15 March
of each year. We incorporated three data streams related to known and probably cougar kills:
telemetry data, field investigations, and mortalities of collared ungulates. First, we used the
cluster algorithm developed by Knopff et al. (2009) to identify clusters of telemetry locations
from GPS-collared cougars. Specifically, the cluster algorithm identified locations within 200 m
of each other within a 6-day period Knopff et al. (2009). Such clusters are commonly, but not
exclusively associated with kill sites of ungulate prey (Knopff et al. 2009, Ruprecht et al. 2020).
We conducted field investigations at a subset of cluster sites to determine if there was a carcass

present and developed equations to predict the likelihood a cluster was a kill site based on
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characteristics of the cluster (Clark et al. 2014, Knopff et al. 2009). Our system was similar in
vegetation, climate and terrain to the area studied by Clark et al. (2014), so we used the same
model framework but estimated coefficients independently for our system to improve predictive
capabilities. Specifically, we used logistic regression, with a cluster coded 1 if a kill was found
and 0 if a carcass was not found. We included the following as covariates in our model,
following Clark et al. (2014): (1) corrected points = the number of points at the cluster / fix
success rate, (2) fidelity = the number of points at the cluster — the number of points away from
the cluster, (3) average distance = the average distance between the points comprising the cluster
to the centroid of the cluster (m), (4) binday = a binary indicator of if the cougar visited the site
for more than one 24-hour period (coded 1) or only visited for one 24-hour period (coded 0), and
(5) an interaction between corrected points and average distance.

From the logistic regression, we calculated the percent of true positives and true negative
kill sites at different threshold values to distinguish sites likely to be a kill sites to clusters not
likely to be a carcass. We tested threshold values in 0.1% increments from 0.1% to 100%. Then
we used an ROC curve to examine tradeoffs between true positive and true negatives across the
range of thresholds (Nahm 2022). We calculated the accuracy at each threshold level following
Nahm (2022) and chose the threshold with the highest accuracy as our probability cutoff for sites
likely to be kill sites or not. We then predicted the probability each cluster was a kill site, and
classified these as likely kills when equal to or above the threshold and not likely to be a kill
when below the threshold. Finally, we corrected this dataset for sites where we had conducted
field investigations. That is, we removed clusters from the predicted kill site data set if we had

visited the site and no cluster was found. Likewise, we retained clusters if we visited the site and
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a carcass was found but the predicted probably of being a kill site was below the threshold for
optimal accuracy.

Concurrent with our study and in the same study areas, Ganz et al. (2022) collared mule
deer (Odocoileus hemionus) and white-tailed deer (O. virginianus) and investigated mortalities to
determine cause of death. We included deer confirmed to have died by cougar predation in our
dataset of cougar kills. Additionally, we also included deer where a cougar was possibly the
cause of death, but this was unconfirmed. In these cases, hemorrhaged bite wounds could not be
located but there was evidence (tracks, sign, patterns of consumption, and salivary DNA) a
cougar was at the site soon after death.

We generated 5,503 telemetry clusters from 60 cougars from 1 November — 15 March for
winter 2016-2017 through winter 2020-2021. We visited 187 clusters locations from 34 cougars.
We found carcasses at 51% of sites (n = 95) and did not identify carcasses at the remaining 92
sites. Logistic regression to predict the likelihood a site was a cougar kill (model output table S4)
performed well, and 74.7 % of predicted kills were true positives and 90.2% of sites predicted to
not have a kill were correctly identified, using a probability threshold 53% to distinguish likely
kills. Clusters were strongly and significantly ( = 0.233, P < 0.001) driven by the number of
points at the cluster (corrected for missing fixes). Clusters were also more likely to be a kill for
sites where cougars displayed higher fidelity, and visited for more than one 24-hour period
(Table S4). However, these covariates were non-significant at the 0.05 level. The interaction
between average distance and corrected points indicated that a cluster was more likely to be a kill
with a shorter average distance between telemetry points and the cluster centroid, especially as

the number of corrected points at the cluster increased.
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Table B4: Model output for the logistic regression predicting the probability a cluster is a kill

site. We classified sites with >50% probability of being a kill site as probable cougar kills.

Covariate Coefficient Standard Error P-value
intercept -2.502 0.574 0.00001

fidelity 0.029 0.017 0.08

binday 0.131 0.526 0.80

average distance 0.011 0.013 0.373
corrected points 0.233 0.064 0. 0003

Average distance x
corrected points -0.002 0.001 0.175

From the clusters generated by the algorithm, we identified 524 probable kills. We
corrected this data to account for sites classified as likely kills but where a kill was not found at a
cluster (i.e., false positives, n = 5). Likewise, we added cougar kills that we classified as likely
non-kill clusters but where field investigation identified a cluster (i.e., false negatives, n = 13). In
addition, we included cougar kills located during associated field investigations that were not
identified by our algorithm (n = 16; L. Satterfield, unpublished data). Finally, we included the
mortalities of 15 white-tailed deer and 5 mule deer where a cougar was either confirmed to be or
possibly responsible for the mortality. None of these ungulate mortalities matched a cougar
cluster that was predicted to be a kill site. In total, we identified 568 known and probable cougar
kills across the three winters and two study areas. However, because we needed to condition used
(actual) kill sites against available (randomly generated) locations from known individual cougar

winter ranges, we restricted our analysis to a total of 389 kill sites, all from collared individuals.
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Figure B3. Boxplot showing relationship between terrain ruggedness index and snow depth for
all available locations across our study areas. Boxplots are used rather than scatterplots due to

volume of data (n = 276,008). Terrain ruggedness and snow depth are not correlated (Pearson’s

= 0.20).
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Figure B4. Boxplot showing relationship between terrain ruggedness index and snow density for
all available locations across our study areas. Boxplots are used rather than scatterplots due to

volume of data (n = 276,008). Terrain ruggedness and snow density are not correlated (Pearson’s

r =0.14).
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Figure B5. Boxplot showing relationship between shrub cover and snow depth for all available
locations across our study areas. Boxplots are used rather than scatterplots due to volume of data

(n =276,008). Shrub cover and snow depth are not correlated (Pearson’s » = 0.26).
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Figure B6. Boxplot showing relationship between shrub cover and snow density for all available
locations across our study areas. Boxplots are used rather than scatterplots due to volume of data
(n =276,008). Although areas with higher shrub cover tend to have higher snow densities, this

trend is statistically insignificant. Shrub cover and snow density are not correlated (Pearson’s » =

0.27).
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Table B5. Most parsimonious correlated terrain covariates for predators (in bold). Terrain

ruggedness index performed better than all other combinations (AAIC > 2).

Covariate Predator AIC Predator AAIC
Terrain ruggedness index 125701 0
Slope 125712 11

Table B6. Most parsimonious correlated landcover covariates for predators (in bold). Percent

shrub and canopy cover performed better than all other combinations (AAIC>2).

Covariate Predator AIC Predator AAIC

Percent shrub + canopy cover 125359 0

Canopy cover 125543 184
Percent shrub + percent forest 125681 322
Percent shrub + percent open 125844 485
Percent open 125966 607
Percent forest 126124 765
Percent shrub 126574 1215

Table B7. Most parsimonious combination of snow-related covariate for cougars. Depth:Density
indicates an interaction term only (tensor product interaction), whereas Depth + Density +
Depth:Density includes main effects of depth and density as well as an interaction term
(collectively known as a full tensor product). The best performing model was a full tensor

product with both depth and density.

Snow Variable AIC AAIC
Depth + Density + Depth:Density 87044.98 0
Depth + Densty 87097.09 52.11
Density 87144.55 99.57
Depth:Density 87145.65 100.67
Depth 87163.24 118.26
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Table B8. Most parsimonious combination of snow-related covariate for wolves. Depth:Density
indicates an interaction term only (tensor product interaction), whereas Depth + Density +
Depth:Density includes main effects of depth and density as well as an interaction term
(collectively known as a full tensor product). The best performing model was a full tensor

product with both depth and density.

Snow Variable AIC AAIC
Depth + Density + Depth:Density 37140.27 0
Depth 37145.87 5.6
Depth + Densty 37146.08 5.81
Depth:Density 37151.33 11.06
Density 37151.86 11.59

Table S9. Most parsimonious combination of snow-related covariate for cougar kill sites.
Depth:Density indicates an interaction term only (tensor product interaction), whereas Depth +
Density + Depth:Density includes main effects of depth and density as well as an interaction
term (collectively known as a full tensor product). The best performing model included an

interaction-only term for depth and density.

Snow Variable AIC AAIC
Depth:Density 2080.5 0
Depth + Density + Depth:Density 2086.6 6.1
Depth + Densty 2087.4 6.9
Density 2089.3 8.8
Depth 2238.9 158.4
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Figure B7. Comparison of available snow properties for cougars and wolves. Wilcoxon rank-sum
tests indicated that wolves experienced deeper (7cougar=196,102, nyoir =79,906, W=6515864206,
P<0.0001) and more dense (#cougar=196,102, 1y0/r=79,906, W=6923818000, P<0.0001) snow

than cougars.
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APPENDIX C: SUPPORTING INFORMATION FOR CHAPTER 4

Warm winters, hot moose: temperature drives activity and habitat trade-offs across a cold-

adapted species’ range

C.1 GPS Collar Temperature Bias Correction

Ambient air temperature strongly influences ungulate movements and behavior (Street et
al 2015, Jennewein et al 2020, Felton et al 2024), and extreme winter conditions can cause
unusual mammal movements (Prugh et al 2024). Although single-location temperature
observations such as those from weather station networks have been used in some animal
behavior analyses, instrumented weather stations may be far away from actual animal locations
in large and remote study areas (Street et al 2015, Ericsson et al 2015) and therefore may poorly
represent local conditions experienced by individuals (Burkholder ef al 2022, Reinking ef al
2022).

Since many models of satellite GPS wildlife collars include on-board thermometers,
collar data may provide spatially distributed temperature data that is temporally linked to the
position and movements of the animal in question (Wilmers et al 2015). However, the observed
temperature is dependent on animal body temperature, collar position on the body, and microsite
habitat features — for example, exposure to solar radiation may cause fluctuations in temperature
if the collar is exposed to sun, shaded by the animal’s body, or shaded by local vegetation (Street
et al 2015, Studd et al 2019). Nonetheless, some research has used collars’ raw temperature data
because it provides a useful foundation for inference even if the absolute numbers are biased
(Van Beest et al 2012). Numerous solutions exist to resolve collar-ambient temperature

discrepancies, including simply subtracting a month- and latitude-based temperature offset from
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collar-recorded temperature (Ericsson ef al 2015, Montgomery et al 2019), more intensive
generalized linear mixed modeling (Messeri ef al 2019), or even including individual animal
physiology to improve model fit (Postlewaite 2023).

Because we needed accurate and consistent collar temperatures to compare moose
responses across study areas, we developed a series of generalized linear mixed models
(GLMMs; Brooks et al 2017, Muff et al 2020) for each study area to bias-correct observed
moose collar temperatures. First, we aggregated observations from four networks of
meteorological stations to correct moose-related temperature bias: the GHCN — Hourly
(GHCNh; Menne et al 2012), the NRCS SNOTEL stations (Natural Resources Conservation
Service 2025), the Global Terrestrial Network for Permafrost (Urban and Clow 2018), and
Environment and Climate Change Canada Historical Station Data (Environment and Climate
Change Canada 2025). Next, we extracted the nearest weather station observation for each
moose location in each study area.

We constructed a series of GLMMs of weather station temperature using the glmmTMB
package in R (Brooks et a/ 2017). We used month as a categorical fixed effect (to account for
seasonal changes in solar radiation; Ericsson ef al 2015) and both collar temperature and the
square of collar temperature as fixed effects to represent non-linear effects at temperature
extremes (Montgomery et al 2019). Because individual physiology influences body heat and
therefore temperature offsets (Thompson et al 2020, Postlewaite 2023), we included individual-
year as a random effect intended to capture individual variation in, for example, body mass,
collar model, collar position, baseline internal temperature, and parturition status. Our full
GLMMs modeled weather station temperature as a function of month as a fixed effect, random

intercepts based on individual-water year, and collar temperature and square of collar
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temperature with random slopes based on individual-water year. We used these models to predict
the actual temperature at each moose location (hereafter, bias-corrected collar temperature).

The most parsimonious model for collar bias correction included the full GLMM, with
terms for month, collar temperature, the quadratic form of collar temperature, random individual-
year intercept, and random slopes for both collar temperature and the quadratic of collar
temperature based on individual-year. After bias correction, the correlation between observed

temperature and collar temperature improved from 0.69 to 0.80 (Pearson’s r; Table C6).

C.2 SnowModel Validation

Although our bias-corrected collar temperatures offered the best representation of
weather conditions at each moose location, this approach did not resolve temperatures at other
locations potentially available to that animal, a fundamental requirement of habitat selection
methods (Johnson et al 2006, Thurfjell et a/ 2014, Chatterjee et al 2024). Thus, we used
SnowModel, a physics-based modeling system, to derive temperature (Liston and Elder 2006b)
and snow depth (Liston and Elder 2006a). SnowModel combines spatially and temporally
distributed meteorological variables with topography and land cover type, numerically resolving
physical processes such as lapse rate, snow accumulation, and blowing-snow redistribution.
Because our study design required modeling distributed temperatures in complex topography
during the coldest months of the year, accurate representation of cold-air pooling (i.e.,
inversions) was especially important (Lundquist ef a/ 2008). We developed a new submodule
within SnowModel, following Lundquist et al. (2008), to derive a time-evolving temperature
inversion index that accounted for cold-air pooling, in addition to SnowModel's standard

topographic air temperature adjustments (Liston and Elder 2006b). Furthermore, we
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implemented a temperature profile submodule to represent ambient air temperature at moose
collar height using standard vertical temperature gradient relationships (e.g., Arya 2001).

Overall, we found strong agreement between daily SnowModel temperatures and both
hourly (Pearson’s » = 0.919; root mean square error [RMSE] = 5.8°C) and average daily
(Pearson’s » = 0.973; RMSE = 3.7°C) temperatures at a network of weather stations across our
study areas (Old Crow n = 2, Alberta-North n = 1, Alberta-British Columbia n = 1, Meeteetse n =
3, Snowy Range n = 1). We also found agreement between modeled and observed snow depth
across all study areas (overall Pearson’s » = 0.911; RMSE = 0.16 m). We used a total of 16
SNOTEL sites (Meeteetse n = 6; Snowy Range n = 10; Natural Resources Conservation Service
2025) and 159 grid cells from the Canadian Meteorological Centre snow depth analysis data (Old

Crow n = 102; Alberta-North n = 9; Alberta-British Columbia n = 48; Brown and Brasnett 2010).

C.3 Behavioral Delineation

We used hidden Markov models to delineate moose behavioral state into two general
categories. While we cannot directly infer specific behaviors of an encamped moose (i.e., eating
vs. sleeping), prior behavioral studies have found support for classifying behavior into encamped
and traveling states for northern ungulates and, in particular, moose (Ditmer ef a/ 2018, Beumer
et al 2023, Calhoun et al 2024, Bassing et al 2024). The maximum fix rate in our study (four
hours) is identical to that of other studies classifying activity patterns as broadly “active” or “less
active” (Picardi et al 2022, Bassing et al 2024).

Because optimization in HMMs is sensitive to initial parameter values (i.e., priors), we
first fitted different sets of initial values to a simple model with only step length and turning

angle, keeping the solution with the lowest negative log-likelihood (McClintock et a/ 2020,
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Calhoun et al 2024). We then used these best initial values to fit the more complex model
(Klappstein et al 2023), which calculated the most likely transition probabilities as a function of
time (in hours; as a 24-hour cycle via the cosinor method per Cornelissen 2014), bias-corrected
temperature (in °C, as recorded by GPS collar), and snow depth (in m, as modeled by
SnowModel).

We used the suncalc package in R (Thieurmel and Elmarhraoui 2022) to classify activity
data into dawn, day, dusk, or night based on astronomical twilight, when the center of the sun is
between 0 and 18 degrees below the horizon. We defined dawn as from the start of astronomical
twilight until sunrise, day as sunrise to sunset, dusk as sunset to the end of astronomical twilight,
and night as the period between twilights (Nouvellet et a/ 2012). For Old Crow moose, all
observations during polar night (5 December — 6 January) were defined as night. We used the
mgcv package (Wood 2017) in R for all GAMMSs, with restricted maximum likelihood and four

basis functions (i.e., k = 5) as a compromise between precision and computational efficiency.
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Figure C1. Maximum daily temperatures during years of this study compared with most recent
30-year (1995-2025) climate normals for (a) Old Crow, (b) Alberta-North, (c) Alberta-British
Columbia, (d) Meeteetse, and (e¢) Snowy Range study areas. All temperatures are 15-day moving
averages. Our study took place during winter months only (December-February; water year days
61-150), during which Old Crow included the lowest daily temperatures in the 30-year record (a)
and Alberta-North included the highest sustained average winter temperatures (b). All other

winters were fairly average with long-term normals. Data from GHCN-Daily and SNOTEL.
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Figure C2. SnowModel validation. Predicted snow depth for (a) Old Crow, (b) Alberta-North, (c)
Alberta-British Columbia, (d) Meeteetse, and (e) Snowy Range study areas compared against
observed snow depth. In all panels, the dotted line shows a 1:1 correspondence between

predicted and observed snow depth. In (a-c), Canadian Meteorological Centre (CMC) Daily
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Snow Depth Analysis Data (Version 1) was used, a gridded product combining in-situ
measurements, reanalysis, and interpolation (n daily grid cells = 102 for Old Crow, n =9 for
Alberta-North, and n = 48 for Alberta-British Columbia). In (d) and (e), SNOTEL stations were
used (n = 6 for Meeteetse; n = 10 for Snowy Range). When all data were pooled, the overall
Pearson’s » was 0.911 with a root mean squared error of 0.16. Correlation varied by study area:

OC Pearson’s r = 0.815, ABN r=0.733, ABC r=0.789, ME r = 0.523, and SR r = 0.886.
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Figure C3. Turn angle distribution for hidden Markov Models for (A) Old Crow, (B) Alberta-
North, (C) Alberta-British Columbia, (D) Meeteetse, and (E) Snowy Range moose populations.
Orange lines represent the modeled distribution of turn angles for animals in an encamped state,
blue lines represent the modeled distribution of turn angles for animals in an exploratory state,

and dotted black line and histogram bars represent the observed distribution of all animal steps.
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Table C1. Old Crow moose collar bias correction model results. Models sorted by AIC, with the
most parsimonious model ranked highest. There was equivalent support (AAIC < 2) for a full

model with all terms included and a model with only month (as a factor) and temperature.

Model AAIC Degrees of Freedom
Month + Temp 0 8
Full model 1.89 9
Temp + Temp”2 83.18 7
Temp 83.76 6
Month 87.56 7
Month + Temp”2 89.55 8
Random effects only 169.92 5

Table C2. Alberta-North moose collar bias correction model results. Models sorted by AIC, with

the most parsimonious model ranked highest.

Model AAIC Degrees of Freedom
Full model 0 9
Month + Temp 11.1 8
Month + Temp”2 125.8 8
Month 131.4 7
Temp + Temp”2 377.1 7
Temp 383.8 6
Random effects only 506.6 5

Table C3. Alberta-British Columbia moose collar bias correction model results. Models sorted by

AIC, with the most parsimonious model ranked highest.

Model AAIC Degrees of Freedom
Full model 0 9
Month + Temp 2.49 8
Month + Temp”2 40.39 8
Month 42.33 7
Temp + Temp”2 1100.03 7
Temp 1104.35 6
Random effects only 1148.15 5
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Table C4. Meeteetse moose collar bias correction model results. Models sorted by AIC, with the

most parsimonious model ranked highest.

Model AAIC Degrees of Freedom
Full model 0 9
Month + Temp 133.9 8
Month + Temp”2 208.5 8
Month 339.5 7
Temp + Temp”2 29753 7
Temp 3111.4 6
Random effects only 3320.9 5

Table C5. Snowy Range moose collar bias correction model results. Models sorted by AIC, with

the most parsimonious model ranked highest.

Model AAIC Degrees of Freedom
Full model 0 9
Temp + Temp”2 141.6 8
Temp 178.9 8
Month + Temp 318.7 7
Month + Temp”2 691 7
Month 832.4 6
Random effects only 1010 5

Table C6. Moose collar temperature bias correction using weather station data. Correlations are

given as Pearson’s r.

Number  Mean SD distance
Population of distance from from Correlat.ion, Correl‘fltion,

Weather  weather weather before bias  after bias

Stations station (km)  station (km) correction correction
oC 4 73.486 23.844 0.828 0.865
ABN 2 18.97 11.09 0.766 0.828
ABC 4 51.778 28.969 0.623 0.712
ME 5 13.192 5.744 0.662 0.773
SR 9 13.45 6.853 0.556 0.805
Total/Average 24 34.1752 15.3 0.687 0.7966
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APPENDIX D: SUPPORTING INFORMATION FOR CHAPTER 5

Climate change diminishes snow-mediated movement advantage for apex predators

D.1 Additional Methods

Given the inherent uncertainty in climate projections, natural variability, and variance in
GCM performance across different regions, timescales, and output parameters (Deser et al.,
2012; Lybarger et al., 2024; Taylor et al., 2023), projections drawn from multiple GCMs are
widely acknowledged to be more robust than single-model inference (Ahmed et al., 2019; Duan
et al., 2019; Knutti, Furrer, et al., 2010; Pavan & Doblas-Reyes, 2000). Specifically, a simple
multi-model ensemble mean reduces bias and increases skill, especially when a sufficient
number of GCMs are used (i.e., ~10 models; Clark et al., 2021; Knutti, Abramowitz, et al., 2010;
Pierce et al., 2009; Sanderson et al., 2017). Thus, we calculated the multi-model mean from the
following 15 global climate models from the CMIP6 family: ACCESS-CM2, ACCESS-ESM1-5,
BCC-CSM2-MR, CAMS-CSM1-0, CanESMS5, CESM2-WACCM, CMCC-CM2-SR5,
FGOALS-g3, FIO-ESM-2-0, ITM-ESM, MIROC6, MRI-ESM2-0, NESM3, NorESM2-MM,
and TaiESM1. We used the University of Washington Climate Impacts Group’s Pacific
Northwest Climate Projection Tool (Rogers & Mauger, 2021) to extract each model’s output
across the Pacific Northwest region (41.5-49.5°N, 125-111°W) for mid-century (2040-2069)

projections relative to a baseline of 1950-1999.
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Figure D2. SnowModel validation, using average melt rate from peak annual snow water
equivalent (SWE) until snow loss, for each of 11 SNOTEL stations across the baseline period of
2018-2022. Black line shows a 1:1 line for reference. Good correlation (Pearson’s R = 0.67)

indicates acceptable model performance and a lack of regional bias.
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Figure D3. Comparison of total areal extent of snow conditions that provide an advantage to (a)

cougars or (b) wolves over deer (“danger zone”). Both panels show annual time series of total
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danger zone extent, Oct 1 - May 1, across both study areas for individual years used in baseline
(blue), as well as baseline median (gray), SSP2-4.5 median (moderate climate change scenario;
pink), and SSP5-8.5 median (severe climate change scenario; brown). Due to similarities in foot
loading, snow density-track sink depth relationship, and thresholds of support (Sullender et al.
2023), cougars and wolves gain a movement advantage over ungulate prey at nearly identical
conditions. Thus, (a) and (b) show nearly identical results, although throughout the year, wolves

(b) have a slightly greater areal extent than cougars (a) over which they gain an advantage over

prey.
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Figure D4. Seasonal comparison of average duration of predator-advantaged snow conditions
(danger zones) within each individual predator’s home range within the Northeast study area.
Durations calculated for (a) baseline snow conditions (2018-2022), (b) moderate climate change
scenario (SSP2-4.5), and (c) severe climate change scenario (SSP5-8.5). Predator home ranges
defined as the isopleth bounding the 95% kernel density estimate for GPS-collared animals,
computed for each year, each season, and each individual. Seasons defined as autumn including

Sep-Nov, winter Dec-Feb, and spring Mar-May.
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