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Energetic demands and fear of predators are considered primary
factors shaping animal behavior, and both are likely drivers of
movement decisions that ultimately determine the spatial ecology
of wildlife. Yet energetic constraints on movement imposed by the
physical landscape have only been considered separately from
those imposed by risk avoidance, limiting our understanding of
how short-term movement decisions scale up to affect long-term
space use. Here, we integrate the costs of both physical terrain
and predation risk into a common currency, energy, and then
quantify their effects on the short-term movement and long-
term spatial ecology of a large carnivore living in a human-
dominated landscape. Using high-resolution GPS and accelerome-
ter data from collared pumas (Puma concolor), we calculated the
short-term (i.e., 5-min) energetic costs of navigating both rugged
physical terrain and a landscape of risk from humans (major sour-
ces of both mortality and fear for our study population). Both the
physical and risk landscapes affected puma short-term movement
costs, with risk having a relatively greater impact by inducing
high-energy but low-efficiency movement behavior. The cumula-
tive effects of short-term movement costs led to reductions of
29% to 68% in daily travel distances and total home range area.
For male pumas, long-term patterns of space use were predomi-
nantly driven by the energetic costs of human-induced risk. This
work demonstrates that, along with physical terrain, predation
risk plays a primary role in shaping an animal’s “energy landscape”
and suggests that fear of humans may be a major factor affecting
wildlife movements worldwide.

ecology of fear | energy landscape | movement ecology | large carnivore |
accelerometry

Despite broad recognition that both energetic demands and
avoidance of risk from predators shape animal decision-

making across contexts, these factors have traditionally been
examined separately when considering wildlife movement be-
havior and space use. Animal movement is an energetically ex-
pensive activity (1–3) that also plays a primary role in risk
avoidance (4, 5). Yet the recently popularized “energy landscape,”
which describes the effects of the physical environment on ener-
getic costs of movement (6, 7), has yet to be integrated with the
“landscape of fear,” defined as spatial variation in perceived risk
from predators (8, 9). Combining fear and energetic costs of
movement in a common currency across broad spatial scales may
dramatically improve our ability to predict space use in free-
living wildlife.
Integrating these two constraints on movement may be par-

ticularly crucial for understanding space use by large carnivores
living in human-dominated landscapes. The cost of locomotion
for these highly mobile species can be substantial, such that slight
variations in the physical landscape can have profound impacts
on movement costs and path choice (10–12). Large carnivores
also face significant mortality risk from the human “super preda-
tor” (13), and resulting fear-based changes in space use (14–17)
may also exert energetic costs by affecting the areas selected (e.g.,
for safety) and how carnivores move (e.g., travel speed, locomo-
tion strategy) when in proximity to humans. At the smallest scales,
movement reflects immediate behavioral responses to internal

states or external cues (18, 19), which, when integrated over longer
time periods, lead to large-scale patterns of space use, including
home range formation (20, 21). Thus, physical (e.g., topographic)
and risk-based constraints on fine-scale movement may scale up to
determine landscape-level patterns of large carnivore space use,
including home range size (Fig. 1). However, the impacts of such
physical vs. ecological constraints on large carnivore spatial ecol-
ogy remain largely unknown.
As a far-ranging carnivore that often occupies rugged terrain

and is known to fear humans (22), the puma (Puma concolor)
provides a distinct opportunity to quantify how the energetic
costs of the physical landscape and risk avoidance shape large-
scale patterns of space use. Despite incurring large transport
costs due to their natural history, large body size, and low aerobic
capacity (11, 23, 24), pumas persist in what would appear to be
energetically challenging habitats (11, 25), including areas domi-
nated by humans (22, 26), whose presence may exacerbate the
costs of challenging physical terrain. This study uses high temporal
and spatial resolution GPS and triaxial accelerometer data to
understand how the physical and risk landscapes interact to shape
the movement ecology of free-ranging pumas through their effects
on energy. We quantify the step-level energetic costs of travel
attributable to landscape features and human-derived risk, and
test whether these short-term energetic costs lead to impacts on
the overall extent of puma space use at the landscape scale.

Results and Discussion
We deployed combined GPS/accelerometer collars on 13 adult
pumas (5 females, 8 males; Fig. 2) living in the Santa Cruz
Mountains of central California, a rugged, 1,700-km2 study area
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ranging from dense urban development to large tracts of rela-
tively undisturbed native forest. We used high-resolution accel-
erometer data (collected at 16 Hz to 32 Hz) to calculate, for each
5-min interval between GPS fixes, the mean metabolic rate (ki-
lojoules per minute) and the landscape cost of transport (LCOT;
joules per kilogram per meter per minute) defined as the ener-
getic cost of moving between two points on the landscape (in this
case, separated by 5 min). LCOT is a metric distinguished from
the commonly used “cost of transport” by the incorporation of
time, which permits estimation of the efficiency with which an
animal moves across the landscape. The LCOT of moving be-
tween two points on the landscape will tend to increase as effi-
ciency decreases, that is, as an animal moves more slowly or with
a less directed movement path. Importantly, although metabolic
rate is used to calculate LCOT, these two quantities need not
covary, as high metabolic rate activities may be associated with
high-efficiency (e.g., directed) or low-efficiency (e.g., tortuous)
movement across the landscape. Thus, the energetic costs of
movement will depend on the specific movement behavior
adopted (7), and we therefore classified all puma GPS locations
corresponding to movement as either “meandering” or “di-
rected” using a Hidden Markov Model (HMM) fit to GPS and
accelerometer data (GPS locations classified as stationary were
excluded from the analysis; see Materials and Methods).
We previously used experiments to show that pumas in our

study area fear humans (22) and that this fear impacts puma
movement behavior (27). Fear of humans may therefore exert an

energetic cost that varies with human-induced risk across the
landscape, analogous to variation in costs of traversing rugged
physical terrain (28, 29). We examined the energetic costs of
moving through both the physical and risk landscapes (Fig. 1) by
modeling puma metabolic rate and LCOT at short time scales
(i.e., using values for each 5-min GPS location) using linear
mixed effects models while accounting for movement behavior
(meandering or directed movement) and individual puma ID
with random effects (see Materials and Methods). Predictor var-
iables included a suite of terrain characteristics that may influ-
ence the cost of travel, and housing density, which effectively
captures spatial variation in human-induced risk for pumas
(15, 26).
At the 5-min scale, puma movement costs were influenced by

both physical terrain and risk from humans (Table 1). Overall,
routes on less rugged, gently sloped terrain were found to be
energetically cheaper per unit distance traveled and thus more
efficient pathways on the landscape for free-ranging pumas.
Metabolic rate and LCOT increased with increasing ruggedness
(βMR = 0.0014, 95% CI = [0.0009, 0.002]; βLCOT = 0.0036, 95% CI =
[0.002, 0.004]) and slope (βMR = 0.0018 [0.001, 0.0022]; βLCOT =
0.003 [0.002, 0.004]), while increasing topographic position (TPI; in-
dicative of areas closer to local valleys or ridgelines; seeMaterials and
Methods) led to increased metabolic rate (βMR = 0.0045 [0.004,
0.005]) but decreased LCOT (βLCOT=−0.006 [−0.007,−0.005]). This
latter result indicates that travel speeds and thus efficiency of
movement are highest along easy-to-traverse valleys and ridges,
suggesting that previously observed selection by pumas for such
topographic features (30, 31) is motivated by reduced locomotion
costs.
Housing density also had a positive effect on both short-term

metabolic rate (βMR = 0.015 [0.006, 0.025]; Fig. 3A) and LCOT
(βLCOT = 0.017 [0.003, 0.033]; Fig. 3B), indicating that pumas
experience increased energetic demands and decreased move-
ment efficiency as their exposure to human development in-
creases. Examination of random effects terms for puma movement
behavior revealed that these impacts of human-induced risk are
mediated by the type of movement in which pumas were engaged.
Across individuals, housing density had a strong positive effect on
metabolic rate regardless of whether pumas were meandering or
moving directly (Fig. 3A), evidence that pumas are consistently
engaging in more energetically demanding movements (i.e.,
moving more quickly, stopping less) in areas of higher perceived
risk from humans. However, the positive effect of housing density
on LCOT was only apparent when pumas were meandering
(Fig. 3B), suggesting that, despite exerting more energy on sus-
tained movements, pumas traverse the landscape less efficiently in
human-dominated areas by taking more circuitous movement
paths. Investigation of time allocation data indicates that pumas
indeed spend a greater proportion of time meandering (relative to
more efficient directed movements) when in areas with high
housing density (SI Appendix, Fig. S1), resulting in increased en-
ergetic costs. For instance, pumas moving through identical
physical terrain in moderately developed exurban habitat (i.e., 150
buildings per km2) would expend 13% more calories per 5-min
period than if moving through the same terrain in wildland habitat
(i.e., areas with zero housing density; see Materials and Methods).
Decreased movement efficiency near humans could be driven,

in part, by increased hunting behavior in areas of high housing
density if, for instance, risky areas near humans are also associ-
ated with greater prey availability or increased hunting success.
However, we found no evidence that black-tailed deer (Odo-
coileus hemionus columbianus), the primary prey for pumas in
our study area, are more likely to occur in areas of increased
housing density, as determined by an occupancy model fit to deer
detections on camera traps across the study area (SI Appendix,
Table S1). Similarly, there is no evidence that pumas in our study
system preferentially hunt in or near developed areas. The

Fig. 1. A conceptual framework linking the physical and risk landscapes to
patterns of space use in pumas. External factors including the physical
characteristics of the landscape (e.g., terrain) and spatial variation in risk
from humans interact to modify puma movement behavior and kinematics,
which, in turn, determine an animal’s metabolic rate. Metabolic rate and
movement type (e.g., directed or meandering movements) together deter-
mine the LCOT, an estimate of the efficiency with which an animal moves
between two points on the landscape (see text for details). The cumulative
costs of moving across the landscape ultimately determine overall vagility
(i.e., daily movement distances) and home range area, large-scale space use
patterns that are constrained by short-term movement costs.
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majority of known puma kill sites in the Santa Cruz Mountains
(72% of 731 kills) occurred in wildland areas, despite wildland
only accounting for 63% of available habitat (SI Appendix). Pumas
elsewhere have also been shown to strongly select against devel-
oped areas when hunting (32). Thus, it is unlikely that puma use
of, or altered movement behavior in, areas of high human risk is
driven by hunting. Use of high-risk areas, particularly by male
pumas with large space requirements, may instead reflect the
relatively limited availability of undeveloped habitat in the Santa
Cruz Mountains. Some individual pumas may be displaced from
higher-quality habitat by conspecifics, leading to increased use of
developed areas, though further research is required to determine
the degree to which space requirements and social interactions
drive puma use of human-dominated landscapes.
Overall, the energetic costs of movement appear to rise more

rapidly with increasing risk from humans than with increasing
difficulty of the terrain (standardized effect sizes for housing
density were 4 to 10 times greater than those for slope and
ruggedness; Table 1), suggesting a greater impact of risk relative
to physical landscape on puma movement at short time scales
mediated by high-energy but low-efficiency movement behavior.
Accelerometer-based estimates of energetic expenditure are
known to integrate the costs of difficult terrain (33) insofar as
increasing slope and ruggedness result in increased body move-
ment. The potential for nonmovement energetic costs of difficult
terrain preclude an exact comparison of the impacts of risk and
physical landscape on puma energetic expenditure. However,
any underestimate of the effect of terrain on energetics would
need to be approximately an order of magnitude in size to re-
verse our conclusion that risk from humans has a greater effect

on puma movement costs than does the physical landscape
(Table 1).
Despite considerable attention paid to the relationship be-

tween energetic physiology and space use across species (34–36),
the degree to which energetic constraints drive differences in
space use patterns within a species (i.e., at the individual level)
remains unclear (37). We found that, for pumas, the short-term
energetic costs of moving through the physical and/or risk

Fig. 2. Study area showing 5-min movement paths of 13 pumas.

Table 1. Bayesian posterior estimates and associated 95%
credible intervals for models of metabolic rate (log10 [kilojoules
per minute]) and LCOT (log10 [joules per kilogram per meter per
minute]) at the 5-min time scale

Model parameter Posterior mean 95% credible interval

Metabolic rate
TPI 0.0045 (0.0039, 0.0051)
Topographic ruggedness 0.0014 (0.0009, 0.0020)
Slope 0.0018 (0.0014, 0.0022)
Day (1)/night (0) −0.008 (−0.009, −0.007)
Housing density 0.015 (0.0059, 0.0254)
TPI × slope 0.0022 (0.0018, 0.0027)
LCOT
TPI −0.006 (−0.007, −0.005)
Topographic ruggedness 0.0036 (0.0031, 0.0042)
Slope 0.0032 (0.0028, 0.0037)
Day (1)/night (0) 0.0061 (0.0051, 0.0069)
Housing density 0.0172 (0.0032, 0.0325)
TPI × slope −0.001 (−0.0014, −0.0006)
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landscapes scale up to impose metabolic constraints on long-term
space use. For individual pumas of both sexes, the average dis-
tance traveled per day (Fig. 4A; β = −0.95 [−1.28, −0.62]) and
home range area (Fig. 4B; β = −20.13 [−27.3, −12.8]) decreased
sharply with increasing mean daily LCOT. Male and female
pumas with the highest mean daily LCOT moved 48.4% and
28.9% (respectively) fewer kilometers per day and had 67.9% and
46.5% smaller home ranges than those animals of the same sex
with the lowest daily LCOT, suggesting that pumas compensate
for consistently high movement costs at the step level by reducing
overall vagility and home range size (Fig. 1).
For male pumas, energetic constraints on daily and long-term

(i.e., home range scale) space use appear to be driven predom-
inantly by human-induced risk, consistent with the overall greater
impact of risk on movement at short time scales. The average
housing density experienced by an individual along its movement
path was an important predictor of mean daily LCOT for males
(Fig. 5A; β = 0.02 [0.003, 0.042]) and, correspondingly, had a
strong, negative effect on both mean daily distance traveled
(Fig. 5B; β = −0.03 [−0.049, −0.007]) and home range area (Fig.
5C; β = −0.68 [−1.18, −0.23]). Males experiencing the highest
daily housing densities (186 km−2) moved 61.6% fewer kilometers

per day and had 78.8% smaller home ranges than those individ-
uals experiencing minimal housing density (i.e., 5 km−2). Thus, the
energetic costs associated with increasing risk from humans results
in restricted space use by male pumas at both the daily and home
range scales. Despite measurable costs of slope and ruggedness on
short-term (5 min) movement (Table 1), we did not detect com-
parable effects of physical terrain on any longer-term (1 d to 60 d)
measures of spatial ecology for male pumas (SI Appendix, Table
S2), suggesting that any effects of physical terrain on space use at
the landscape scale are overwhelmed by the costs of risk.
Female pumas did not exhibit a comparable relationship be-

tween housing density and longer-term space use patterns (mean
daily LCOT: β = 0.0007 [−0.06, 0.05]; mean daily travel distance:
β = 0.003 [−0.06, 0.09]; home range area: β = −0.00008 [−0.86,
0.96]; SI Appendix, Table S2), which could reflect the somewhat
lower sample size for females in this study (five females vs. eight
males), but may, in fact, be driven by real differences between
males and females in the cumulative impacts of risk on space use.
To maximize mating opportunities, male pumas must maintain
large territories through near-constant patrolling, and thus often
have home ranges that are several times the size of (and overlap
with multiple) female home ranges (38). This requirement to

A B

Fig. 3. Predicted effect of average housing density (200-m scale) experienced by pumas during each 5-min step on (A) metabolic rate (log10 [kilojoules per
minute]) and (B) LCOT (log10 [joules per kilogram per meter per minute]). The black dashed line represents the posterior mean, estimated across individuals
and movement types, with gray areas denoting the 95% credible interval. Random effects (colored lines) were included for each combination of movement
type and individual, with solid lines indicating directed movement, dotted lines indicating meandering, and colors corresponding to individual pumas. Note
that, for metabolic rate, all slopes are positive regardless of individual or movement type, while, for LCOT, positive slopes were only apparent when pumas
were meandering.

A B

Fig. 4. The effect of average daily LCOT on (A) mean daily travel distance (kilometers) and (B) home range area (square kilometers). The data are symbolized
by individual (color) and sex, i.e., female (circle) and male (triangle). Solid lines represent the posterior mean, and gray areas enclose the 95% credible interval
of each regression.
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maintain large mating territories likely places a substantially
higher premium on energetically efficient movement for male
pumas than for females, whose home ranges only need to be
large enough to provide sufficient hunting opportunities (39).
The impact of human-induced risk on movement efficiency at
short time scales (Fig. 3) may therefore result in greater cumu-
lative costs for males at the landscape level, constraining space
use where overlap with humans is high (Fig. 5).
By integrating the costs of both challenging physical terrain

and risk from predators into a common currency (i.e., energy),
our results reveal a framework linking step-level movement be-
havior to landscape-scale patterns of space use (Fig. 1). We show
that the combination of the physical and risk landscapes drives
short-term movement costs for pumas, and that such short-term
costs, particularly those stemming from human-induced risk,
scale up to influence long-term movement patterns, constricting
overall space use by up to 78% for individuals experiencing
consistently high costs at the step level (Fig. 1). This work pro-
vides an important extension of recent attempts to quantify the
effects of the landscape on animal movement costs and pathways
(6, 7) by highlighting that, without accounting for predation risk,
such “energy landscapes” may overlook much of the energetic
cost of navigating a complex environment.
Indeed, our results demonstrate that risk from humans plays a

primary role in driving puma energetic costs, which, at least for
males, must be compensated for by reduced vagility and space
use at the landscape scale. A recent global analysis shows that a
wide range of mammal species exhibit lower vagility with in-
creasing human footprint on the landscape, which the authors
attribute to movement barriers or changes in resource avail-
ability (17). We suggest that the energetic costs of avoiding risk
from humans may itself lead to reduced long-term space use for
many wildlife species living in human-dominated landscapes,
potentially contributing to the global trend of diminished move-
ments near people. Our findings demonstrate that behavioral
changes induced by the fear of humans can substantially impact an
animal’s energy budget, in this case, exacerbating the already high
energetic demands of a large carnivore (11, 24, 40). Managing risk
from people may therefore come at the cost of reductions in a
range of other crucial behaviors, including long-range movements
and territorial defense.

Materials and Methods
Study Area. This research was conducted in the Santa Cruz Mountains (37°10′
N, 122°3′W), which lie in the Central Coast region of California (Fig. 1). In the
study area, pumas primarily feed on black-tailed deer (O. h. columbianus)
but occasionally on other species, including wild boar (Sus scrofa), raccoons

(Procyon lotor), and domestic cats (41). The 2,800 km2 study area is bisected
by a large freeway and is further crisscrossed by numerous smaller roads
providing access to rural houses and developments. See Wilmers et al. (15)
for further details on the study area.

Data Collection. Starting in 2015, we captured wild pumas, using trailing
hounds or cage traps, as described in ref. 15. Each animal was tranquilized
using Telazol and sexed, weighed, aged, and fitted with a combined GPS/
accelerometer collar (Vectronics Aerospace GPS PLUS and GPS Vertex). Each
collar was programmed to acquire a GPS fix every 5 min and triaxial accel-
eration at a frequency of 16 Hz to 32 Hz for a duration of 2 mo. The GPS
sampling interval was chosen to maximize relocations while ensuring that
each animal could traverse their home range multiple times before the collar
battery died.

We recorded 247,110 GPS locations for 13 pumas (5 females, 8 males; see
Fig. 2 for distribution) for a mean (±SE) of 19,009 (±753) locations per ani-
mal. The mean (±SE) number of days that we recorded location data from
each puma was 66 (±3) days. The GPS fix success rate ranged from 98.2 to
99.9% with a mean (±SE) of 99.2% (±0.2) across all collars.

Derivation of Energetic Cost.We calculated the energetic expenditure of wild
collared pumas using previously derived relationships between triaxial ac-
celerometer data and puma energetics from experimental trials of captive
pumas moving on treadmills (11). The link between puma energetics and
collar data are given by

_VO2 = 3.52 + 58.42(ODBA) [1]

(r2 = 0.97),
where _VO2 (milliliters of O2 per kilogram per minute) is the amount of ox-
ygen consumed over 1 min, and overall dynamic body acceleration (ODBA) is
the sum of the absolute value of each accelerometer axis summed over 1 min
(11). Oxygen consumption was then converted to kilojoules expended per
minute as previously described (11, 42). We then estimated mean metabolic
rate (kilojoules per minute) as the average of kilojoules expended per
minute over each 5-min period between successive GPS locations. We also
derived a metric, which we call the LCOT, calculated as the mean of 1-min
increments of cost of transport (COT, as calculated in ref. 11) over each 5-min
period. While COT has units of joules per kilogram per meter, LCOT has units
of joules per kilogram per meter per minute. Because LCOT integrates across
both space and time, it measures the average energetic cost of moving
between two points on the landscape. As such, LCOT generally increases
with the tortuosity of the movement path and the time taken to travel
between two points.

It is important to note that collar-derived energetic values calculated from
ODBA specifically reflect kinematic energetic expenditure associated with
body movement but do not integrate nonmovement energetic costs such as
those from thermoregulation or stress (43). For most terrestrial mammals,
however, locomotion is known to account for the majority of energetic ex-
penditure beyond that from baseline metabolism (1, 3, 43), so ODBA-derived

A B C

Fig. 5. Effect of mean daily housing density on (A) mean daily travel distance (kilometers), (B) home range area (square kilometers), and (C) mean daily LCOT
for male pumas. Each individual puma is represented by a different color. Solid lines represent the posterior mean, and gray areas enclose the 95% credible
interval of each regression. Female pumas showed no significant relationship between housing density and landscape-scale space use (SI Appendix, Table S2).
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energetic estimates should therefore provide a reasonable estimate of the
influence of landscape covariates on puma energetic outlays.

The degree to which ODBA captures, for a set speed, the increased
metabolic costs of moving on an incline relative to moving on level ground
has not been evaluated for pumas, and thus it remains possible that ODBA
underestimates the total energetic costs that pumas experiencewhenmoving
across a slope. However, underestimates of the energetic costs of slope are
likely to be minimal for four reasons. 1) This question has been addressed in
humans: Bidder et al. (33) showed that, at a given speed, ODBA is higher for
humans walking on an incline relative to level ground, indicating that ODBA
does capture increased metabolic costs associated with moving on an incline.

2) In captive pumas, the difference in metabolic costs (i.e., _VO2) between
moving on an incline vs. level ground decreases with decreasing walking
speed (44) such that, at speeds below ∼0.3 m·s−1, this difference becomes
statistically indistinguishable. We observed a mean speed of 0.35 m·s−1 on
slopes greater than zero in our dataset. 3) Recent research demonstrates
that pumas in the wild alter their behavior to minimize the costs associated
with steep terrain by both slowing down and selecting movement paths
along contours that avoid steep angles (44), behavioral adjustments that are
well captured by our ODBA-based methods. 4) Finally, we did not detect an
effect of any terrain variable (slope, ruggedness, TPI) on long-term measures
of puma space use (i.e., daily distance traveled and home range size; SI
Appendix, Table S2). As these long-term space use measures are derived
independently of our short-term energetic cost estimates, these results
suggest that any cumulative costs of moving across difficult terrain are
relatively minor.

Identifying Movement Behaviors. We identified movement modes from GPS
and accelerometer data in order to account for differences in energetic
expenditure between movement behaviors. We fit a three-state HMM using
the combined GPS and accelerometer data to distinguish between three
behavioral classes: stationary, meandering, and directed movement (42). The
stationary state represents behaviors such as resting, feeding, and groom-
ing, while the meandering and directed states are often associated with
avoidance and foraging behaviors, or transit and territorial patrol,
respectively (42).

Using the R package momentuHMM (45), the movement of each indi-
vidual was classified into one of three underlying states by characterization
of the distributions of travel distances, turning angles, and metabolic rate
(kilojoules per minute) between consecutive locations. We calculated travel
distance between successive 5-min GPS locations as the Euclidean distance
between the locations (xt, yt) and (xt+1, yt+1), and turning angle is calculated
as the change in bearing (bt = atan2((yt+1 – yt), (xt+1 – xt))) between the in-
tervals [t – 1, t] and [t, t + 1]. For this HMM, Gamma distributions were used
to describe travel distances and metabolic rates, a von Mises distribution
described the turning angles, and the Viterbi algorithm was used to estimate
the most likely sequence of movement states to have generated the
observations (46).

We began with the assumptions that resting behavior was characterized
by very short travel distances, sharp turning angles, and low energy ex-
penditure; meandering movement was characterized by moderate travel
distances, sharp turning angles, and moderate energy expenditure; and di-
rected movement was characterized by longer travel distances, small turning
angles, and higher energy expenditure. Therefore, initial state-dependent
probability distribution parameters for travel distance were set at 10 (±5) m
when pumas were resting, 50 (±25) m when meandering, and 125 (±50) m
when engaged in directed movement. Initial parameters for turn angles
were set at π/2 radians when resting or meandering and 0 radians when
directly moving. Angle concentration for each state was initially set at 1. For
mean metabolic rate, initial parameters were approximated as 10 (±5) kJ·
min−1, 25 (±5) kJ·min−1, and 35 (±5) kJ·min−1 for resting, meandering, and
directed movement, respectively (11, 42).

Data from periods of relative inactivity (e.g., resting) can appear similar to
those from periods of meandering behavior, due to bias from GPS mea-
surement error (47). Thus, to better distinguish between these behaviors, we
also characterized clusters of GPS locations that were potential kill sites, day
beds, or short-term stops during travel. We developed a custom program
using the Python programming language (v. 2.7.9; Python Software Foun-
dation) to define clusters as groups of three or more locations in which each
location was within 25 m of the cluster centroid and 1 h of another GPS
location of the same individual puma. Identified clusters representing rest-
ing behavior were then assigned as known states within the HMM frame-
work. Results of the three-state movement model identified resting as the
most common behavioral state for all animals, with only 20.7% (± 1.7) of the
locations attributed to one of the movement-based behaviors—meandering

and directed. When engaged in movement-based behavior, both states
were predicted at roughly equal proportions and occurred predominantly at
night, with a mean (±SE) of 73.6% (±1.7) of locations occurring between
local sunrise and sunset. Because we were interested here in the energetic
costs arising from locomotion, we excluded, from subsequent analysis,
points identified as stationary behavior, focusing only on the predicted
movement-based behaviors, meandering and directed travel.

Natural and Anthropogenic Landscape Covariates. To assess the roles that
challenging terrain and potential risk from humans play in modulating puma
energy costs, we included several topographic and risk-related covariates
hypothesized to directly affect puma energetic expenditure. While other
landscape variables such as land cover type (e.g., grassland vs. forest) are
known to affect puma habitat use (15, 48), our interest here is on features of
the landscape expected to have the greatest impact on locomotor costs (44).
We therefore focused our analyses on topographic measures including local
slope, terrain ruggedness, and TPI derived from a digital elevation model
[DEM; (49)]. Local slope represents the magnitude of the steepest gradient in
elevation at a location and was calculated using the average maximum
technique (50). Ruggedness was calculated based on the vector ruggedness
measure developed by ref. 51. TPI denotes position on the landscape relative
to local ridges or valleys and was calculated as the absolute difference be-
tween elevation at a location and the mean elevation within a given dis-
tance away (52).

In order to test whether pumas experience increased energetic demands in
close proximity to risky human-modified habitat, we used kernel density
estimation to calculate a housing density surface as outlined in ref. 15 using
a bandwidth of 200 m corresponding to the approximate scale at which
pumas respond to human development when traveling (15). All covariates
were rasterized with a 30 × 30 m pixel size, and mean values were calculated
for each linear segment between consecutive GPS locations along an indi-
vidual’s movement path. All covariates were standardized (mean centered
and scaled by 1 SD) to improve model convergence and to facilitate com-
parison of model coefficients among covariates (53). We also made sure that
no covariates exhibited high levels of collinearity (r > 0.7).

Modeling Spatial Drivers of Step-Level Energetic Costs. To evaluate the local
influence of the physical and risk landscapes on the relative energetic cost of
movement, we regressed log10 mean metabolic rate (kilojoules per minute)
and log10 LCOT (joules per kilogram per meter per minute) for each 5-min
step against the terrain and risk covariates using linear mixed effects re-
gression models (LMM), hereinafter referred to as the MR-LMM or LCOT-
LMM model, respectively. To account for interindividual variation in ener-
getic expenditure due to behavior-specific differences, we included move-
ment mode (i.e., “meandering” or “directed”) nested within individual
animal as a random intercept and also included a nested random slope on
the effect of housing density (see below). As noted above, both metabolic

rate and LCOT were derived from _VO2(transformed using known constant
values), itself a model-derived quantity estimated (with associated error)
from ODBA. We therefore propagated the uncertainty associated with each
_VO2estimate into the MR-LMM and LCOT-LMM models using a Bayesian hi-
erarchical approach. We first estimated the error associated with the con-

version from ODBA to _VO2directly from the linear regression analysis
described in ref. 11 and calculated the percent error of this relationship as
the SD of the slope divided by the slope coefficient estimate. Following
conventional error propagation procedures, we then used this percent error
value to derive an observation error estimate, σ2o, for each observed value of
MR and LCOT by multiplying the observed value by the percent error. We
incorporated this observation error into our analysis using the following
model:

zijk = β0jk + β1jkHDi + βXi + ei

ei ≈ N(0, σ2p)

yijk ≈ N(zijk , σ2o),
where zijk is the unobserved “true” value of MR or LCOT for observation i
with movement mode j by puma k; zijk is modeled as a linear function of
housing density (HD) and other covariates (X, including terrain and time of
day) with residual error ei, which is normally distributed with mean zero and
variance σ2p. Our observed values of MR and LCOT, yijk, were then modeled as

estimates of the true value with observation error σ2o. β0jk is a random
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intercept, and β1jk is the slope for HD, with each consisting of a random
effect for movement mode j (meandering or directed) nested within puma k.
The random intercept is given by

β0jk ≈ N(β0k , σ2β0k )

β0k ≈ N(μβ0k , σ2β0),

where σ2β0k is an error term describing the variance between movement
modes for a given puma, and μβ0k and σ2β0 are hyperparameters common to

all pumas. The random slope, β1jk, was modeled in the same way.

Effects of Risk and Terrain on Spatial Ecology at the Landscape Scale. To assess
whether the energetic costs of movement drive long-term patterns of space
use, we examined the effects of LCOT, terrain, and housing density on daily
travel distances and home range sizes. We calculated mean LCOT as the
average of all 5-min LCOT values experienced by a puma over its collar de-
ployment. Mean housing density, slope, ruggedness, and TPI were similarly
calculated as the average across all 5-min steps for a given puma. We cal-
culated mean daily travel distance (kilometers) by summing daily GPS-track
distances for an individual puma and taking the average across all 24-h
periods for the puma’s collar deployment. Home range areas (square kilo-

meters) were obtained using a fixed local convex hull (k-LOCOH; k = 115)
home range estimator fit to all locations for an individual puma, with the
95% isopleth representing the home range boundary (54, 55). Previous
simulation efforts have revealed that k-LOCOH estimates of home ranges
have error rates of ∼9% (55). As such, to address uncertainty in our estimates
of home range size, we incorporated this observation error into our analyses
using a Bayesian approach (see below).

We regressed mean daily travel distance and home range area against
each of the energetic (mean LCOT) and landscape variables (mean housing
density, slope, ruggedness, and TPI) in separate Bayesian linear regression
models, using individual pumas as the unit of replication. We also evaluated
whether mean daily LCOT was influenced by the average housing density

experienced by an individual along its movement path. For models in which
home range areas or mean daily LCOTs were used as response variables, we
used an observation error model analogous to that presented above to
propagate the error around these estimates through our analyses. All
landscape scale models were run with data from both sexes pooled and also
analyzed separately to account for any life history differences in space use
(see Results and Discussion and SI Appendix, Table S2).

For all Bayesian models (i.e., step level and landscape level), we specified a
Normal (μ = 0, σ = 1,000) prior for coefficient estimates and a diffuse Uni-
form (0, 100) prior for SDs. Models were run with three chains for 2,000 it-
erations with 1,000 burn in iterations.

We confirmedmodel convergence via the Gelman−Rubin statistic (“R-hat”
values < 1.1 for all parameters) (56). We tested model fit using Bayesian P
values, which compare test statistics calculated from observed and expected
(i.e., model-generated) data (57). As all models employed Gaussian distri-
butions, we used the mean and coefficient of variation to calculate Bayesian
P values (57). We found satisfactory fit between model and data for all
models (0.45 ≤ P ≤ 0.63). We calculated the posterior means and 95%
credible intervals for model coefficients and considered credible intervals
that do not include zero to indicate a significant effect.

All statistical analyses were performed using the language R (v. 4.0.2; R
Development Core Team, 2010), the rstan (58) package for interfacing with
Stan (59), and the adehabitatHR (60) package for home range estimation.

Data Availability. Data have been deposited in https://github.com/Center-for-
Integrated-Spatial-Research/puma-energy-fear-landscape/.
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