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Wild canids and felids differ in their reliance on reused travel
routeways
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Diverse factors, including environmental features and cognitive processes, can drive
animals’ movements and space use, with far-reaching implications. For example, repeated
use of individual-level travel routeways (directionally constrained but imperfectly aligned
routes), which results in spatial concentration of activity, can shape encounter-based
processes including predation, mate finding, and disease transmission. However, how
much variation in routeway usage exists across species remains unknown. By analyzing
GPS movement tracks for 1,239 range-resident mammalian carnivores—representing
16 canid and 18 felid species from six continents—we found strong evidence of a
clade-level difference in species’ reliance on repeatedly used travel routeways. Across the
global dataset, tracked canids had a 15% (+7 CI) greater density of routeways within
their home ranges than did felids, rising to 33% (+16 CI) greater in landscapes shared
with tracked felids. Moreover, comparisons within species across landscapes revealed

broadly similar home range routeway densities despite habitat differences. On average,  The authors declare no competing interest.
canids also reused their travel routeways more intensively than did felids, with hunting  This article is a PNAS Direct Submission.
strategies and spatial contexts also contributing to the intensity of routeway usage. Copyright © 2025 the Author(s). Published by PNAS.

Collectively, our results suggest that key aspects of carnivore routeway-usage have an ~ This open access article is distributed under Creative
. . . s . . . N Commons  Attribution-NonCommercial-NoDerivatives

evolutionary component. Striking interspecific and clade-level differences in carnivores License 4.0 (CC BY-NC-ND).

reliance on reused travel routeways within home ranges identify important ways in which  pnas policy is to publish maps as provided by the

the movement patterns of real-world predators depart from classical assumptions of ~ authors.

. . . 1 An
predator-prey theory. Because such departures can drive key aspects of human-wildlife oo Wh(‘g’)m C;“’;SPO”dence may be addressed. Email:
! . . . i . agan@umd.edu.
interactions and other encounter-based processes, continued investigations of the rela- B , o ) ,

. . . .. This article contains supporting information online at
tionships between movement mechanisms and space use are critical. https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.
2401042122/-/DCSupplemental.
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Issues of space use by moving animals are foundational to diverse research topics at the
interface of evolution, ecology, and behavior, including the evolution of territoriality,
range residency, and migration (1, 2) as well as the ecology of foraging and predator—prey
interactions (3, 4). Classically, many key theoretical results in these fields have required
strong assumptions about the homogeneity of space use, with studies that allow for spatial
heterogeneity often yielding strikingly different predictions (5-7). Despite the mathemat-
ical complications that spatial heterogeneity engenders, such considerations are often
highly warranted from a biological perspective. For example, reliance on well-traveled
routes (8—14) constitutes a specific way in which the movement of wild animals can depart
radically from the ideal gas dynamics that provide the mathematical foundations of
encounter-based processes in ecology (e.g., predation, mate finding, disease transmis-
sion) (15-18).

Depending on spatial scale, understanding when, where, and how strongly individual
animals rely on repeatedly used travel routes through their landscapes can help identify
foraging strategies (19), delineate conservation priorities for migrating species (20), and
provide information about how learning and memory shape movements (10, 21-23).
Among range-resident predators, repeated use of travel routes may emerge as animals
navigate among preferred feeding regions (e.g., waterholes, rabbit warrens) or as animals
use particular routes for both relocation and foraging (23-25). Questions about reliance
on travel routes differ fundamentally from investigations of repeated site visitation, which,
by emphasizing destinations and residency time, can be studied using periodograms and
repeatability analyses (14, 26, 27). Given the operational demands of field research, how-
ever, studies of route-usage in wild species on large scales have typically involved only one
or a few species instead of being broadly comparative. Consequently, a robust, cross-species
understanding of (dis)similarities in route-usage and the spatial heterogeneity it engenders
is lacking. However, increasing opportunities to combine GPS tracking data with publicly
accessible remote sensing data mean that large-scale comparative analyses of space use by
wild animals are now possible in rigorous and unprecedented ways (28-30).

Studies exploring repeated usage of particular travel routes for terrestrial species—
variously discussed in terms of traplines (8, 11), trails (18), recursive paths (12, 13),
hunt paths (14, 31), and other terms—focus on similarities in the spatial trajectories
of animal movements over time, with recognition that both environmental factors (e.g.,
valleys, roads, cliff faces) and cognitive processes (e.g., perception, learning, memory)
may underlie the emergence of particular reused routes (10, 14, 23-25, 32). The various
terms used in the literature to characterize spatial consistency in animal movement often
differ in connotation. For example, a “game trail” connotes a very narrow track wherein
individuals are often stepping in one another’s footsteps, even to the point of creating
a bare-earth path through vegetation. In contrast, a “corridor” implies a passageway for
migration or other movement through favorable habitat bounded by more hostile areas;
corridor width is not restricted by definition, but is often interpreted as being narrow
relative to the scale of animal movement (20, 25). A movement “route” is similarly not
formally defined with regard to width, but a degree of narrowness is often implied (10,
12). No term in current usage seems to capture the idea that bundled sets of narrow
routes with similar orientations may exist as animals traverse a given region of their
home range repeatedly but with imperfect consistency. Recognizing that some would
reserve the term route for use exclusively with narrow channels for movement, we
introduce the term “routeway” to characterize cases where travel is directionally con-
strained but imperfectly aligned. Below, we introduce statistical methods for identifying
routeways from GPS tracking data. We emphasize that routeways exhibit a heightened
degree of directional persistence of motion and would be distinct from movement
networks that can be characterized by the potential for changes in direction at intersec-
tion points.

Mammalian carnivores have long been subjects of space-use research because of their
diverse environments and ecological niches, and their association with critical conservation
issues (33—35). Within the order Carnivora, the dog and cat families (Canidae and Felidae,
respectively) are members of two highly divergent lineages (respectively, the suborders
Caniformia and Feliformia) that last shared a common ancestor 41 (36) to 51 Mya (37).
The Canidae and Felidae constitute obvious choices for comparative research on predator
space use because each family represents a substantial evolutionary radiation, and each
includes diverse species whose movements in nature have been studied extensively by
researchers worldwide via GPS tracking (29, 38). Collectively, canids and felids tend to be
home range resident species (34, 39—41). Their strategies for locating food involve stere-
otyped movement behaviors (e.g., cursorial pursuit, patient stalking), which in turn reflect
important evolutionary differences in biomechanics, physiology, and preferred resources

20f12 https://doi.org/10.1073/pnas.2401042122

Significance

Animals’ space-use patterns are
central to eco-evolutionary
theories of territoriality and
foraging and to resource
management practices, all of
which can entail assumptions of
spatial homogeneity. We found
evidence for species- and
clade-level variation in
mammalian carnivores' reliance
on re-used travel routeways
within their home ranges, with
canids having, on average, both a
greater density of travel
routeways and a greater
probability of routeway usage
than felids. Such marked
variation in the heterogeneity of
species’ space-use patterns is
important because it provides a
strong empirical contrast to
long-standing assumptions of
mathematical models of
predator-prey dynamics and,
more broadly, highlights key
issues of space use that are
relevant for the conservation and
management of at-risk
mammalian carnivores globally.

pnas.org



Downloaded from https://www.pnas.org by UNIVERSITY OF MARYLAND; MCKELDIN LIBRARY on September 29, 2025 from IP address 129.2.89.225.

(42-46). These strategies vary among carnivore species, but can
also depend on prey species, habitats, and local conditions (3941,
43, 44, 46). In addition, relationships between carnivores’ move-
ment behaviors and space use patterns can depend on cognitive
processes such as perception and memory (13, 14, 21, 31, 33,
47-49), which also have an evolutionary basis (49-51). Overall,
canids and felids share and even compete for many environments
and food types, and present similar spatial planning challenges
related to conservation and human—wildlife interactions (34, 52,
53), providing a broad context for comparative analyses.

We examined whether the many evolutionary, behavioral, and
ecological dissimilarities among canid and felid species would trans-
late into systematic differences in their use of space within their
home ranges, particularly with regard to species’ reliance on reused
travel routeways. We focused on two aspects of routeway usage: the
density of routeways within individuals’ home ranges and the inten-
sity with which individuals reused those routeways. If we found
strong differences in the density, or use intensity, of routeways across
wild carnivore species, it would suggest that at least one mechanistic
(nonrandom) driver was at work. Absent such a driver, widespread
variation in home range location and composition across taxa and
landscapes would be expected to homogenize routeway usage across
taxa, or at least obscure weak effects. Variation in routeway usage
could arise mechanistically from behavioral differences in movement
strategy while foraging, and relatedly, speed, both of which can be
investigated in conjunction with GPS tracks. Diverse environmental
features such as habitat structure, seasonality, topography, and
human infrastructure might also contribute to variation in routeway
usage, and such influences can be evaluated through investigations
that link remote sensing and movement data. Through detailed
analyses of a large database of GPS tracks representing diverse wild
felid and canid species, we found evidence that differences in behav-
ior and environmental factors are in fact important predictors of
these carnivores’ reliance on reused travel routeways. More intrigu-
ingly, however, we found robust support for the existence of
clade-level differences in routeway density and routeway usage
within home ranges. These differences, in which canids systemati-
cally exceed felids in their reliance on travel routeways, have impor-
tant implications for both our understanding of predator—prey
interactions and conservation planning,

Results

After leveraging an established workflow for estimating a home
range distribution for an individual animal from its GPS track
(Fig. 1 A-C), we characterized the location of reused routeways
within the home range via statistical features called “probability
ridges” (Fig. 1D). A ridge is a spatially contiguous curve of height-
ened probability in a smooth 2-D probability density function
and is mathematically unsigned, indicating movement can pro-
gress “in both directions” along the ridge. Within a home range,
probability ridges will emerge when an animal repeatedly traverses
a region using similar trajectories. In this way, ridges delineate the
center of a routeway along its length (S7 Appendix, SI Detailed
Methods).

To facilitate comparisons across individuals and species whose
home range sizes vary widely, we adopted the nondimensional
measure of ‘ridge density’, which scales total ridge length by home
range size (SI Appendix, SI Detailed Methods). Furthermore, add-
ing spatial buffers to identified probability ridges allowed us to
then calculate ‘ridge-associated probability mass’ as the proportion
of the probability mass in an individual’s home range distribution
that was ridge-associated for each of several buffer widths. Thus,
we use ridge density to quantify the existence of routeways, and
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likewise, we use ‘ridge-associated probability mass’ to quantify the
intensity of routeway usage. After establishing the performance
of our routeway estimation methods via detailed simulation stud-
ies (SI Appendix, Figs. S11-S13 and Tables S5 and S6), we ana-
lyzed ridge densities and ridge-associated probability masses
within and across clades, controlling for home range size, phylog-
eny, habitat types, GPS data quality, and other potentially explan-
atory (or confounding) covariates.

Clade-Level Effects for Ridge Density. Across all models, ridge
density was significantly higher for canids than felids. The
phylogenetically controlled mixed model revealed a 15% (+7 CI)
(P'< 107) increase in ridge density among canids compared with
felids when using the full dataset of 1,239 GPS tracks. This canid-
felid clade-level difference is readily apparent when plotted on a
phylogenetic tree, both for the empirical means and the predicted
values (Fig. 2). We also extracted five subdatasets to assess potentially
confounding effects associated with our aggregation of multispecies,
multisite GPS track data. These subdatasets allowed us to address
any effects of 1) data preprocessing, 2) animals’ instantaneous
speeds, 3) unknown phenological effects stemming from GPS
tracks of duration < 1 y, 4) unmodeled spatial variation arising
from individuals’ heterogeneous landscapes, and 5) phylogenetic
uncertainty. Analyses of these subdatasets yielded results that were
broadly similar, with canids’” heightened ridge density increasing
from the above-mentioned results for the full-dataset to 33% (+16
CI) (P< 107) for the “shared landscapes” subdataset (consisting of
the GPS tracks from a set of nine landscapes in which one or more
canid species and one or more felid species were studied together)
(Fig. 3B). Collectively, these consistent clade-level effects indicate
that the difference in ridge density between canids and felids is
a robust feature that is not sensitive to the details of individual
GPS tracks, species, or landscapes (ST Appendix, Table S1), nor
to phylogenetic uncertainty (SI Appendix, SI Detailed Methods,
Phylogenetic Considerations).

Predictive Model Fits for Ridge Density. To quantify the
importance of the canid-felid clade effect relative to other
possible sources of variation, we used statistical models that
included a battery of terms as fixed and random effects within
a phylogenetically controlled generalized linear mixed modeling
framework (SI Appendix, SI Detailed Methods, Statistical Analyses).
For the full dataset, predictions of ridge density reflected significant
effects of home range size (P < 107%), terrain roughness (P <
0.05), and movement strategy while hunting (represented by the
indicator variable slow walking; P < 0.05), but no other variables
were significant predictors. Specifically, animals engaging in slow-
walking behavioral strategies and possessing large home ranges
featuring greater terrain roughness exhibited lower ridge density
beyond the clade-level effect for the full dataset; effect size plots
appear in Fig. 34. Outside of the full dataset, tree cover was a
significant predictor for the “year or longer” dataset (P < 0.01),
and terrain roughness was a significant predictor for all datasets
except the year or longer and shared landscapes datasets. Effects
of movement strategies were not significant except for the slow-
walking indicator variable in the “no-preprocessing” dataset (P <
0.02). Average instantaneous speed of travel was not a significant
term in the model for the “including speed” dataset (P > 0.8),
suggesting individual-level variation in speed is not contributing
to the observed clade-level differences in ridge density. Effect size
plots for the including speed subdataset and all other subdatasets
appear in SI Appendix, Fig. S1.

Across the nine shared landscapes (which included temperate
and tropical forests, temperate and tropical savannas, plus deserts

https://doi.org/10.1073/pnas.2401042122 3 of 12


http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2401042122#supplementary-materials

Downloaded from https://www.pnas.org by UNIVERSITY OF MARYLAND; MCKELDIN LIBRARY on September 29, 2025 from IP address 129.2.89.225.

*All axis scales on subpanels A, C and D are in km.

o | = Q o
E o | - 7
~ o
[0
2 w |
n - g = o
T2
-
o - g v o |
® 4
T T T T T
QA 0 5 10 15 20 o |
T T T g Time lag (in months)
5 10 15 e . a 3 ) G 0 5 10 15
Step 1 OUF anisotropic Step 2 Home range Step 3 Ridges overlaid
on the home

GPS track Of el model fit to the

Puma concolor . .
Variogram analysis: movement data

Identify the best-fit
continuous
stochastic model

> (C) distribution of E——) (D)
Autocorrelated Puma concolor  Nonparametric

kernel density ridge
estimation estimation

range map of
Puma concolor

@ §N { = Felis chaus

I
10 km

. = Canis aureus :

== Caracal caracal

== | upulella mesomelas

Note: All felids are in
red and canids in blue

Fig. 1. Diagram of analysis workflow building maps of probability ridges from GPS tracking data (A-D) and sample maps showing home ranges and probability
ridges overlaid on landscapes (E-G). Panel A shows the original movement track data for cougar F70 (Puma concolor) from Utah, USA (54). Panel B shows the
empirical semivariance (black) for F70's movement track, together with 95% confidence limits (gray shading) and the best-fit variogram (red) and its 95%
confidence limits (pale red shading) corresponding to an anisotropic version of the OUF continuous-time stochastic process (S/ Appendix, SI Detailed Methods).
As in geostatistical analyses involving semivariances, large lags involve the fewest datapoints and have little influence on model fit. Panel C depicts the cougar’s
estimated home range distribution including its boundary (black curve) and corresponding 95% confidence limits (gray curves), probability density surface (red
hashing), and SD of the AKDEc bandwidth kernels (white grid lines). Original movement trajectories are represented as black dots for clarity. Panel D identifies
the calculated probability ridges that indicate routeways of repeated usage (red curves) overlaid on the home range distribution. Note: Panels A, C, and D are
mappable objects, but B is not. In Panels E-G, plots show mean home ranges (black contours), outer and inner 95% confidence bounds on the home ranges
(gray and plum contours, respectively), and the location of probability ridges (red- and blue-colored curves) for individuals from six species in landscapes in
which movements of both canids and felids were studied [Panels E: (55); F: (56); and G: (54)]. Backgrounds depict topographical relief and landcover type, ranging
from arid (tan) to mesic (green) (Stadia Maps: https://stadiamaps.com/attribution/). Variograms, home ranges, and probability ridges were calculated via the R
package ctmm as detailed under Materials and Methods. Cougar F70 appears in the Upper Right of panel G. Panels D-G show ridges calculated via the accurate
but computationally inefficient ks algorithm (S/ Appendix).
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and xeric scrublands), mean ridge densities of canid species were
routinely higher than those of felid species inhabiting the same
landscapes (Fig. 4), providing additional support for the robust-
ness of the clade-level differences. Similarly, for the 11 species
with GPS tracks in three or more landscapes, we found remark-
able consistency in mean ridge density within species across land-
scapes after controlling for other factors (S Appendix, Fig. S2).

https://doi.org/10.1073/pnas.2401042122

Nine of the 11 species showed no significant differences in ridge
density across landscapes, whereas only two species, Lynx rufus
and Felis silvestris, exhibited any significant heterogeneity. Only
one of seven landscapes differed from the others for L. rufus, and
only one of four landscapes differed from the others for £ silvestris
(81 Appendix, Fig. S2). This high degree of consistency within

species across diverse landscapes suggests a strong role for
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Fig. 2. Mean empirical ridge density for 34 species of canids and felids and the corresponding model-predicted mean values for the full dataset of 1,239 tracks
(Dataset S1). Example plots for individuals whose home ranges feature very high ridge density [Canis aureus; “Jackal 08" (56)] and very low ridge density [Lynx
lynx; “Kars" (57)] are shown next to the color key. Ridges appear as blue and red curves for the canid and felid exemplars, respectively, and the background gray
hashing indicates probability density of space use with each home range. The phylogenetic tree includes outgroup and ingroup species (without movement data)
used only to help structure the phylogenetic distance matrix and visualize the phylogenetic tree; these species were truncated from the phylogenetic distance
matrix prior to statistical analyses. Ridges plotted were calculated via the accurate but computationally inefficient ks algorithm (S/ Appendiix).

biological species-level features in driving the pronounced
clade-level effects (Fig. 3). Species-level mean ridge densities pre-
dicted by the model for the full dataset fell well within the empir-
ical ranges for all species except the raccoon dog (Nyctereutes
procyonoides), for which only two GPS tracks could be analyzed
(SI Appendix, Fig. S3).

Separate analyses of the canid and felid groups were broadly
similar, revealing few differences in the predictive models that
could be interpreted as evidence of strong interaction effects
(81 Appendix, Fig. S4). Engaging in the disruptive fast hunting
movement strategy was associated with higher ridge density in
canids, but with lower ridge density in felids. Other exceptions
were that increasing terrain roughness decreased ridge density for
felids (2 < 0.03) but not for canids and that increases in seasonality
(quantified by a measure of primary productivity, Var DHI GPD,
see SI Appendix, Table S1) decreased ridge density for canids (P <
0.02) but not felids (SI Appendix, Fig. S4).

Ridge-Associated Probability Mass. By surrounding each
ridge with a series of spatial buffers (Materials and Methods),
we quantified the proportion of the probability mass in each
individual’s home range that was ridge-associated. Overall, the
ridge-associated probability mass in an individual’s home range
roughly correlated with its ridge density. For narrowly defined ridge
tops (i.e., probability ridges with 10 or 50 m fixed-width buffers
on cither side), canids had, on average, significantly more ridge-
associated probability mass in their home range distributions than
did felids (7.1 to 20.2% more for 10-m buffers and 5.3 to 14.9%
more for 50-m buffers using the full dataset; S/ Appendix, Fig. S5).

PNAS 2025 Vol.122 No.40 2401042122

At the species level, ridge-associated probability mass varied
widely, with diverse taxa, including several species of foxes and
some forest-dwelling cats, averaging 20 to 40% of their probability
mass associated with probability ridge tops, indicating a strong
concentration of activity along those routeways (S Appendix,
Fig. S6). Individuals with larger home range sizes consistently had
lower ridge-associated probability mass, regardless of buffer width
(SI Appendix, Fig. S7). For 50-m buffers, increasing percent tree
cover and human footprint index, plus the use of the pursuit and
slow-walking strategies were all significant predictors of reduced
ridge-associated probability mass (SI Appendix, Fig. S7A). As was
true for ridge density (Fig. 3B), we found even larger interclade
differences for ridge-associated probability mass when focusing
on the shared landscapes dataset; in this case, the interclade
differences were highly significant for buffer widths ranging from
10 m (95% CI: 17 to 42% more for canids) to 200 m (95% CI:
5 to 19% more) (SI Appendix, Figs. S5 and S7F). More broadly,
the interclade differences in ridge-associated probability mass were
a robust result evident across all subdatasets for narrowly defined

ridge tops (<50 m buffer width; ST Appendix, Fig. S7).

Discussion

Drawing on a dataset of 1,239 carnivore GPS tracks, representing
16 canid and 18 felid species across six continents, we found that
on average, canid home ranges feature substantially greater densi-
ties of reused travel routeways (quantified as probability ridges,
Figs. 1 and 3) compared to felid home ranges. Moreover, canids
used these routeways more extensively than did felids, as quantified
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Fig. 3. Effect size plots for ridge density for the full dataset (A) and mean (+95% Cl) clade-level percent differences from models for all datasets (B). In (A),
continuous variables were standardized so that the effect size corresponds to 1 SD of the predictor, whereas for a variable expressed as a percentage, the
effect size corresponds to the full effect of that predictor at 100%. Predictors in bold font and purple plotting represent biological variation, and the plots labeled
Phylogenetic and Individual are prediction intervals. The plotting labeled Phylogenetic (Clade) is part of the overall phylogenetic variation, but it is expressed as
a mean and Cl alongside other model coefficients. Model covariates are in green, including indicator variables (italics), variables log transformed for analysis
(bold-italics), and standardized variables (asterisk). In (B), clade effects are plotted as canids minus felids, with y = 0.0 indicating no difference between clades
and positive values indicating increased ridge density in canids. Clade effects are highly significant (P < 0.0003) in each of the six datasets). N, C, and F are the

number of individuals, canid species, and felid species, respectively.

by the greater ridge-associated probability mass in their home
ranges (S/ Appendix, Figs. S5-S7). These results, which control for
variation in home range size, contrasting hunting strategies and
landscape characteristics, as well as variation in the quantity and
quality of movement track data, identify striking differences in
carnivores’ space use with regard to reliance on reused travel route-
ways and the resulting internal heterogeneity of their home ranges.
The magnitude and consistency of these differences are remarkable
given the diverse challenges of collecting and working with field
data across so many different species and landscapes.

https://doi.org/10.1073/pnas.2401042122

Collectively, clade-level differences in carnivore movement and
space use, together with species-level variation attributable in part
to different hunting strategies and landscape contexts (S Appendix,
Figs. S3 and S6), have a variety of implications, with connections
to such diverse topics as the mathematical modeling of predator—
prey interactions and the practical implementation of conservation
plans. Canids’ higher average ridge densities (Fig. 3B) and higher
average ridge-associated probability masses (S Appendix, Fig. S5)
serve to concentrate their activities along particular routeways
within their home ranges, which will influence the pace and pattern
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Fig. 4. Ridge densities for canids and felids for the nine landscapes in which at least one species from each clade was tracked together (the shared landscapes
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by the statistical model for this dataset (S/ Appendix, Table S3). At the clade level, canid ridge densities are on average 33% (+16 Cl) higher than felids across the

shared landscapes dataset (Fig. 3B).

of their encounters with conspecifics and with prey (58-60). Such
concentrations of movement and activity represent striking depar-
tures from the dynamics of ideal gases, which have long provided
the theoretical foundations of predator—prey dynamics, mate find-
ing, and other encounter-based processes in ecology, but which are
increasingly challenged by models with alternative reaction kinetics
(15-17, 61, 62). For example, interclade differences in reliance on
travel routeways could mean that the linkages between animal
movement and disease transmission operate quite differently across
taxa (63, 64), as species that concentrate movement along
well-traveled routeways would have different exposure profiles for
depositing or acquiring infective agents than would species whose
movements were not so spatially constrained. Variation in carni-
vores’ reliance on travel routeways could also have important trophic
consequences via impacts on the spatial distribution of prey species,
which often avoid areas of heightened predator activity (65, 66).
Another consequence of carnivores differential reliance on
well-traveled movement routeways pertains to the risks associated
with human interactions. For example, stricter adherence to reused
routeways could reduce hunting efficiency as travel routeways are
compromised through development or through increased contact
with humans when established travel routeways overlap with new
areas of human activity (67). Similarly, poaching with snares or
traps along predictably reused travel routeways would be a greater
threat to those species with greater ridge-associated probability
mass (8] Appendix, Fig. S6). Of course, one potential benefit of
some species’ greater affinities for routeway-attuned travel is that
negative interactions with human infrastructure might be more
easily addressed for such species, such as through construction of
highway wildlife crossing structures at key locations (53, 68).

What Drives Variation in Carnivore Routeway Usage? The

phylogenetically structured variation in routeway usage among
carnivores could derive from several sources, including database

PNAS 2025 Vol.122 No.40 2401042122

artifacts, biases in our statistical modeling, environmental factors,
and biological processes. The first possibility—that the differences
we report between canids and felids are simple statistical artifacts—
seems unlikely. Throughout our analyses, we have controlled
for the effects of a diverse array of factors at the individual-,
species-, and landscape levels that could affect the formation of
travel routeways (S7 Appendix, Tables S1 and S2), and our results
still indicate the existence of strong phylogenetic structure. For
example, when canids and felids occupied the same landscapes
(reducing the potential for unmodeled spatial variables to affect
the clade-level difference), ridge density for canids exceeded that of
felids by 33% (x16% CI; Figs. 3B and 4) with a concomitant 10
to 30% mean increase in the intensity of ridge use (S/ Appendix,
Fig. S5). Nevertheless, we recognize that other factors, such as
unmodeled environmental variables, unmodeled clade- or species-
specific behaviors (e.g., site fidelity), and unknown differences
among the particular populations of carnivores to which the GPS-
tracked individuals belonged, could all contribute to the observed
clade-level differences in route usage if those other factors occurred
across individuals or taxa in just the right way (see S/ Appendix for
further discussion of potential sources of bias).

Moving beyond statistical artifacts and biases, environmental
features constitute a key alternative explanation for routeway-
following behavior in home ranges (23), and features like creek
valleys, forest roads, and cliff faces are known to shape carnivores’
routeway-like movements in particular settings (25, 68, 69).
However, the identity and importance of physical landscape fea-
tures capable of creating or refining animals’ travel routeways will
vary strongly across biomes, habitats, and even individual home
ranges (23), and additional variation will emerge due to species-
and individual-level sensitivities and behavioral reactions to those
features (47, 60, 66, 70, 71). With so many factors at play, the
ways by which diverse environmental contexts (and individuals’
heterogeneous responses to environmental features) could scale
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up to yield the observed clade-level differences in ridge density
and ridge-associated probability mass are unclear.

Potential biological drivers of the clade-level difference in route-
way usage include issues of morphology, perception, and cogni-
tion. The skeletal architectures of canids and felids differ in key
ways, including major differences in shoulder joints, hind limbs,
and orbital morphology, and these differences have been previously
interpreted with regard to both movement and hunting strategies
(42, 44, 45,72, 73). For example, felids have “floating” clavicles
that may increase their maneuverability relative to canids, whereas
canids have a rigid shoulder structure restricting lateral limb move-
ment and encouraging straightforward linear travel (74). Whether
phylogenetic differences in joint morphology or visual perceptual
fields could scale up to influence travel patterns within carnivore
home ranges remains unclear.

Canids’ increased reliance on movement routeways could also
be mediated by their greater capabilities for olfactory perception
(75). Although canids, felids, and indeed other carnivores rou-
tinely scent mark for purposes of social communication and iden-
tification, canids’ enhanced abilities to detect scents (76) could
reinforce movement along particular routeways, as modeled in
ref. 77. Differences in diet may also play a role, in that all felids
are carnivores, but many canids can be omnivorous, exploiting a
wider range of resources depending on availability. Successful for-
aging via the latter, more generalized strategy could rely more
heavily on memory, particularly when resources, or access to them,
varies seasonally (19, 24, 78).

A Link to Cognition? Given our phylogenetic modeling, and our
finding that ridge densities are generally consistent within species
across landscapes and biomes (SI Appendix, Fig. S2), it seems
plausible that the observed clade-level differences in ridge density
and ridge-associated probability mass have a biological, perhaps
cognitive, component. In this context, clade-level differences in
species’ reliance on routeways for navigation could be linked to
different cognitive strategies, with canids using routeways more
heavily and felids exhibiting more flexible, less repetitive, or more
random movement. Routeway-based movement allows for easier
and more efficient movement for some species and environmental
contexts (10, 12, 18, 28) and is widely considered a hallmark
of the cognitive maps that some species employ for navigation
(19, 21). The development of animals’ travel routeways can hinge
on experiential learning and memory (79-81), which have been
experimentally demonstrated to drive the establishment of home
ranges in pheasants and deer (82, 83).

As for a specific mechanism, one speculative possibility emerges
from the animal cognition literature, where laboratory experi-
ments suggest that domestic dogs (Canis lupus familiaris) have
four to eight times longer working memory plus stronger spatial
cognition and object permanence skills compared to domestic cats
(F silvestris catus) (84-86). Methodological concerns regarding
the breeds and sources of animals used in those laboratory studies
limit the extension of these ideas to wild animals. However, in
humans, greater working memory is believed to be associated with
memory retrieval structures that facilitate quick and accurate
retrieval of large amounts of information from long-term memory
(87, 88), and greater working memory predicts improved perfor-
mance on navigational tasks (89, 90). Crucially, controlled search
processes are believed to be regulated by working memory and
executive control (91). Laboratory studies of rodents that exam-
ined relations between prefrontal and hippocampal function also
suggest a tight coupling between prefrontal-regulated working
memory processes and hippocampal-mediated long-term spatial
memories (92, 93).

https://doi.org/10.1073/pnas.2401042122

Future Directions. Additional understanding of the observed
phylogenetic signals in routeway usage could perhaps be gained
through targeted analyses of species not studied here. That is, are
space-use patterns typical of other mammalian carnivore groups
predictable from their relationships with canids and felids? For
example, hyaenas, which have been studied extensively in the
context of cognition (49), present an interesting case study for
future work because they are behaviorally canid-like in many ways,
but evolutionarily far closer to felids (34). The predictions are that
hyaena species should have greater ridge density and greater ridge-
associated probability mass than other members of the Feliformia,
after controlling for other factors. Another testable hypothesis is that
clade-level differences in routeway usage may map onto differential
success in rebuilding carnivore populations via translocations and/
or the release of captive-bred animals (52, 83, 94). In such settings,
naive carnivores must gain proficiency in spatial navigation as
they establish home ranges in new landscapes, creating excellent
opportunities for understanding how animals learn (80, 95-97).

Conclusion. We found that mammalian carnivores vary widely
in their reliance on reused travel routeways within their home
ranges and that this variation is predictable as a function of
phylogeny, behavioral hunting strategies, and environmental
context. Further efforts to delineate (and statistically associate)
the location of probability ridges in real landscapes with specific,
species-relevant landscape features should provide insight into the
relative importance of anthropogenic features (e.g., roads, fences)
versus natural features (e.g., forest edges, creek valleys, cliffs) in
shaping animals” preferred travel routeways (25, 69, 98). Spatial
concordance (or lack thereof) between an individual’s probability
ridges and the landscape features in its home range should also
inform understanding of the relative biological and physical bases
of least-cost movement paths inferred from energetics modeling
(99-101). Putative cognitive differences between canids and
felids suggest one possible mechanism behind the robust clade-
level differences in routeway usage we quantified, but available
methods do not allow for easy, en masse discrimination of
routeway-based movements driven by cognition versus those
deriving from physical constraints (23). Regardless of its source,
however, pronounced heterogeneity in carnivores’ use of travel
routeways has a variety of far-reaching implications. Among other
possibilities, these findings provide empirical justification for new
approaches to mathematical modeling of encounter processes in
wildlife ecology (e.g., disease dynamics, mate finding, consumer—
resource interactions) and also suggest avenues by which improved
understanding of animals” spatial behavior may benefit practical
conservation efforts.

Materials and Methods

Collectively, the full dataset of 1,239 tracks entailed almost 4.60 million GPS
fixes, with 2.24 million fixes for canids, and 2.35 million for felids. Durations of
individual tracks ranged from 4.14 and 4.28 wk (canids and felids, respectively)
to 163 wkand 516 wk (again, respectively). Nominal sampling rates ranged from
1/min to ~1/d for both camivore families. See Dataset S1 for detailed track-level
information on fixes, durations, fix rates, and other measures. We emphasize,
however, that these data on the number of fixes, durations, and fix rates per
track are potentially beguiling, as it is not these numbers themselves that deter-
mine data sufficiency for home range analysis, but rather the effective sample
size (ESS) values, with sufficiency for ESS = 5[(38, 102); also see SI Appendix,
S Detailed Methods]. For canids, ESS values ranged from 5.1 to 6,728 with a
mean of 412, whereas for felids, ESS ranged from 5.0 to 6,891 with a mean of
170. As detailed in S/ Appendix, we control for track-level variation in ESS in all
of our statistical analyses.
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Delineation of an animal’s reused travel routeways necessitates identifica-
tion of its home range [i.e., the region where the animal spends its time; (81,
102)] and the intensity with which it uses space within that home range. As
explained in S/ Appendix, S| Detailed Methods, we made these determinations
using an established workflow that delineates an animal’s home range distri-
bution from GPS tracking data as a 2-D probability density function (hereafter,
2-D PDF)(102,103) together with an implementation of a recently developed
statistical method for identifying so-called probability ridges in a 2-D PDF
(104). All spatial statistical analyses involving home ranges and probability
ridges were conducted using the R package ctmm (102, 103), which advanta-
geously allows processing of highly heterogeneous GPS tracks and avoids any
subjective postprocessing.

With analogies to landscape ridges in geomorphology, a probability ridge
represents a spatially contiguous curve with heightened probability relative
to other, adjacent areas within a PDF (104).That is, a probability ridge isa 1-D
feature interpretable as a spatially extended mode. Whereas a simple statistical
mode occurs at a point where probability density is maximal in all directions,
ridge points occur where probability density is maximal in the direction per-
pendicular to the tangent of a ridge curve while density along the curve is not
constrained. A sequence of adjacent ridge points need not be in a straight line,
and a ridge curve will emerge as a function of curvature present in the 2-D
PDF. Note that for a 2-D PDF that is not related to a movement process, prob-
ability ridges will not necessarily correspond to specific movement routes, as
such ridges would merely indicate areas of heightened probability. In contrast,
for a 2-D PDF derived from animal movement data, ridges will correspond to
route-like structures because movementis constrained to be (mathematically)
continuous and movement through regions of high probability is favored. Thus,
biologically speaking, a probability ridge curve will emerge when an animal
repeatedly uses similar, spatially localized routes to navigate a given region
within its home range. Animals do not necessarily (and indeed, are unlikely
to) exactly move along a probability ridge. Instead, probability ridges merely
provide spatial summaries for the orientation of movement in particular por-
tions of an animal’s home range.

However, as in geomorphology where ridgelines can occur in geographical
regions of either high orlow average elevation, the existence of a probability ridge
in a region of a home range does not characterize the overall probability mass
in that region. To quantify the extent to which individuals used the probability
ridges in their home ranges, we spatially "buffered” each ridge curve by several
specificwidths (10, 50, 100, and 200 m) to transform each one-dimensional ridge
curve into a series of two-dimensional features. From those features, we then
calculated a double integral (across the buffered ridge width and along the ridge)
to estimate the probability mass encompassed by a particular buffered ridge.
Summing the probability mass across all of an individual's ridges (but eliminating
any double-counting of probability mass in areas where buffered ridges intersect
within a home range), we obtained a total ridge-associated probability mass for
each individual for each buffer width. These ridge-associated probability mass
values (out of a maximum possible of 1.0 total probability mass for each home
range) provide a measure of how intensively a given animal is moving via its set
of routeways relative to the nonrouteway portions of its home range.

We thus focused our analyses on two measures of animal routeway usage
within a home range: 1) ridge density (ranging from 0 upward, and quantify-
ing how extensive the set of probability ridges is within a home range) and 2)
ridge-associated probability mass (ranging from 0 to 1, and quantifying how
intensively an individual travels along the ridges in its home range) (S/ Appendix,
SI Detailed Methods).

The flow diagram (Fig. 1 A-D) illustrates how the steps of our analyses work
together to yield maps of probability ridges as reused travel routeways. After all
processing, 1,239 tracks across 34 species (16 canids, 18 felids) were usable
for comparative analysis of the density of probability ridges in each animal's
home range via phylogenetically controlled generalized mixed effects modeling
(S1Appendix, Sl Detailed Methods). Our statistical approach allowed us to test for
the existence of a clade-level difference in the density of probability ridges while
also controlling for, and testing the potential importance of, a broad suite of indi-
vidual-, species-, and landscape-level covariates, including those that provided
alternative explanations for observed clade-level differences in ridge density and
ridge-associated probability mass (S/ Appendix, Tables S1 and $2). To evaluate
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the robustness of our findings, we also analyzed several subdatasets drawn from
within the full dataset of 1,239 usable tracks (S/ Appendix, SI Detailed Methods).

Because our ridge-based methods for delineating routeways rely on the
asymptotic properties of continuous stochastic processes (S Appendix, S| Detailed
Methods), our methods are insensitive to the marked variation in "sampling
schedules” that results from discontinuous GPS fixes, which can vary greatly across
individuals, taxa, and landscapes. In contrast, existing methods for estimating
high-traffic areas such as corridors, routes, and path networks for individual taxa,
such as types of Brownian bridges (105, 106) and network analyses (23), yield
metrics with inherent scale dependencies that would muddle and compromise
comparisons across our highly heterogeneous multispecies data (107-111).
For example, spatial thresholds necessary to define route networks (i.e., what
specific network nodes are interconnected) could not remain consistent across
diverse sampling schedules and movement behaviors without tremendous loss
of information due to data coarsening to a common schedule. Indeed, coarsening
all our tracks to a minimum common sampling frequency of 1/d would require
discarding 93.4% of our 4.60 million datapoints.

Simulation studies (S/ Appendix) make clear that, subject to minor errors stem-
ming from the vagaries of finite sampling effort, our methods do not falsely
identify probability ridges when they should not exist (S/ Appendix, Fig. S11)
and accurately identify both the location and length of probability ridges when
they are known to exist analytically (S/ Appendix, Fig. $12). Both the lengths
and densities of probability ridges estimated for empirical tracking datasets far
exceed the false positive errors expected from finite sampling effortin null models
(51 Appendix, Fig. S13 and Tables S5 and S6).

Data, Materials, and Software Availability. Code for all analyses have
been deposited in Zenodo (https://zenodo.org/records/16172335). Spatially
anonymized versions of all movement tracks have been deposited in Zenodo
(https://doi.org/10.5281/zenod0.11159169). Dataset S2 presents detailed
information regarding the original sources of animal tracking data, the move-
ment tracks used in this analysis (including their sources and availability),
animal care and permit authorizations, and funding acknowledgements.
As detailed in Dataset S2, many of the movement tracks we analyzed are
already publicly available as supplemental material associated with previous
species-specific publications or through the ecological repository https:/
www.movebank.org; such datasets are either openly accessible or available
through communication with the data holders. Other datasets are, however,
not publicly available in raw form because they are protected by national
or state laws that prohibit their public release or because they detail the
movements of endangered species. To facilitate further analyses, spatially
anonymized versions of all movement tracks are available at https://doi.
0rg/10.5281/zenodo.11159169. The anonymization process preserves the
internal integrity of the track, but obscures the animals' locations inside
parks and sanctuaries or with respect to landscape features. Such anonymi-
zation has no effect on the calculation of ridge density or ridge-associated
probability mass within an animal's home range. Together with the sum-
mary of track-level information available in Dataset S1, these anonymized
tracks will allow users to recreate the same or similar hypothesis tests that
we report, and also conduct future analyses of some or all of the movement
tracks and their pre-summarized environmental contexts. Collaborations with
the original data holders detailed in Dataset S2 are generally encouraged,
and in cases where data are held by Indigenous groups or institutions from
regions that are under-represented in the global science community, collab-
oration may be required to ensure inclusion. Previously published data were
used for this work [Some movement data is available on online repository
Movebank (indicated in spreadsheet “Cat_Dog Data Analyzed.AnimalCare.
Acknowledgements.csv”). Movement data associated with a publication
includes refs. 112-114].
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Supporting Information Text
Detailed Methods.

Dataset

We compiled GPS tracking data from the online repository Movebank (1), from journal
publications, and from co-authors directly. Collectively, we obtained movement tracks for 1528
individuals across 36 species of canids and felids. All analyses were conducted at the species
level; “Great Lakes wolves” Canis lupus x lycaon were treated as Canis lupus. We attempted to
estimate a home range for each of the 1528 individuals by fitting a series of range-resident,
continuous-time movement models to each GPS track and visually assessing their variograms,
followed by home range delineation using autocorrelated kernel density estimation (AKDEc; 2),
all via the R package ctmm (version 1.1.0; (2-4)). By design, ctmm facilitates comparative
analysis of GPS datasets involving missing data, irregular sampling intervals, and differences in
nominal sampling interval (2-3, 5). Tracks with GPS sampling intervals <l minute were

resampled to 1-minute intervals to facilitate analysis without a location-error model in ctmm.

This approach first estimates each animal’s movement as one of three continuous time stochastic
processes, and then uses model selection techniques to identify the most appropriate model for
each individual. An IID (independent and identically distributed) movement process has no
temporal autocorrelation. An OU (“Ornstein-Uhlenbeck”; (6)) process features autocorrelation in
position but no autocorrelation in velocity. Lastly, an OUF (“Ornstein-Uhlenbeck Foraging”)
process features autocorrelation in both position and velocity (4, 7-8), which together allow for
calculation of a scale-insensitive estimate of movement speed (5). GPS tracking datasets almost
always exhibit some form of autocorrelation, and the IID process is exceptionally infrequent
among range-resident individuals (9). Autocorrelation in velocity is detectable in movement
tracks where the time interval between fixes is short relative to the timescale over which velocity

autocorrelation decays (4,7).

Silva et al. (3) provide a detailed overview of the stochastic process models’ utility, meaning,
parameterization, and estimation; here we present only a brief synopsis. Stable, saturating
variograms (plots of semi-variance in position as a function of time-lag between relocations)

facilitate effective visualization of key features of movement processes and identification of range
3
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residency. Range-resident behavior is evident when the variogram of a movement track exhibits a
clear asymptote at long time lags (3,4). Each variogram was checked visually to ensure saturation
(4) before range resident movement models were fit to the data via perturbative residual
maximum likelihood (10). We then identified the best fit stochastic process model for each track
using AICc-based model selection (2,11). Home range areas were then estimated conditional on
the selected model for each movement track, via autocorrelated kernel density estimation (11)
with small sample size correction (12) embodied in the AKDEc method for determining range
distributions (2). Importantly, the range distributions estimated via ctmm are best interpreted as
home ranges, not (often smaller) territories that are actively defended against intruders or
maintained through scent-marking and other mechanisms. For home range size, we used the area
enclosed within the mean estimate of the 95™ percentile of each individual’s home range

distribution (2,9).

It is essential to understand that home ranges estimated via ctmm are asymptotic distributions.
That is, the distributions represent where the animal will travel and how it will use space over the
long run assuming that the movement behaviors observed during the tracking period remain
constant over the long run. In contrast, a visualization of a movement track derived from GPS
fixes will depend completely on that specific set of recorded locations. That is, such a
visualization is merely a sampling-dependent depiction of locations. One should therefore expect
visual disparities between a plotted set of relocations and an asymptotic prediction of space use

based on the statistical properties of the observed track.

Of the 1528 movement tracks, 1070 were well-fit by ctmm as 1ID, OU, or OUF processes without
any cleaning efforts beyond those originally undertaken by the dataowners themselves (e.g.,
removal of questionable GPS relocations with sparse satellite support or high dilution of
precision) or by us to remove physically impossible ‘teleportation events’ in which animals
moved >7 times their mean speed with return angles of 180 + 5 degrees or moved >100km
between consecutive GPS relocations. We obtained good model fits to an additional 169 tracks
after: 1) fixing minor problems (e.g., GPS timestamp issues; n = 16), 2) cropping out extreme,
non-residential foraying trips (defined as GPS fixes > 5 median absolute deviations [MAD] from

the density of point data in keeping with Burt’s definition of a home range, n = 113) (13), 3)
4



138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168

splitting the track to delineate the home range via a ctmm model with a time-weighted mean

(useful when an individual clearly shifted the center of its range, n = 23), 4) splitting the track to
eliminate a period of non-residency (such as when an individual was moving and then settled, or
when it left its home range without resettling, n = 4), or 5) employing two or more methods from

1-4 (n=13).

Overall, we eliminated 289 tracks where fitting of range-resident models was not possible within
ctmm thereby inhibiting delineation of a home range; many of these individuals were clearly not
range-resident upon visual inspection of their variograms. Of the 289 excluded tracks, 221 were
unsuitable for home range analysis because they had a home range effective sample size less than
five (3) or a duration of less than one month. Home range effective sample size (hereafter, ESS)
measures the information content in a tracking dataset with autocorrelation in comparison to the
information content of a dataset with the same number of observations, but where all observations
are independent. The ESS of an autocorrelated movement track is always less (and sometimes
dramatically less) than the number of observations in the movement track, with the magnitude of
the decrease in ESS (relative to the same number of independent observations) being proportional
to the strength of autocorrelation in the data. In the context of home range analysis, ESS is
interpretable as the number of ‘home range crossing equivalents’ that occurred over the duration
of the track, which is approximately the total duration of the dataset divided by the characteristic
home range crossing time (3). Collectively, unsuitable tracks lack stable, saturating variograms,
yielding highly uncertain home range boundaries. We therefore excluded a final 68 additional
tracks that were sufficient in ESS and duration, but for which we were unable to obtain a

satisfactory saturating variogram even after the aforementioned cleaning steps 1-5.

In total, 1239 tracks across 34 species (16 canids, 18 felids) were usable for analysis (Dataset S1),
and these constituted the ‘full” dataset. To ensure the robustness of our findings, we also
conducted separate comparative statistical analyses using several subsets of these 1239 tracks,
specifically: 1) the 1070 tracks (including all 34 species) that required no preprocessing
(hereafter, the ‘no preprocessing’ dataset), 2) the 1032 tracks (all 34 species) that were best-fit by
OUF models, allowing us to obtain a continuous-time speed estimate (5) (hereafter the ‘including
speed’ dataset), 3) the 342 tracks (13 canids and 16 felids) with duration > 1 year thus eliminating
5



169 many potential phenological biases (hereafter the ‘year or longer’ dataset; see SI Potential

170 Phenological Biases), and 4) the 219 tracks (9 landscapes, 7 canids and 7 felids) in which canids
171 and felids were studied in the same landscape (hereafter, the ‘shared landscapes’ dataset).

172 Analysis of the ‘shared landscapes’ dataset eliminated potential effects of spatial context beyond
173 the five spatial covariates we included in all of our statistical models (detailed below).

174

175 Characterizing how extensively animals rely on travel routeways

176 To make effective multispecies comparisons involving re-used travel routeways using GPS

177 tracking data, we introduce an approach that relies on statistical features known as ‘probability
178 ridges’ (14) to characterize the internal structure of animals’ home range distributions. For

179 biological movement data, a probability ridge curve will emerge when an animal repeatedly uses
180 similar, spatially localized routes to navigate a given region within its home range.

181

182 Importantly, probability ridges should be a predominant feature of space use for range-resident
183 individuals, but not for transient or ‘floating” individuals, and this distinction underpinned our
184 emphasis on identifying range-resident behavior through the variogram analysis discussed above.
185 Ridges could emerge as a consequence of animals repeatedly moving to or through favored

186 regions to forage, via recurrent patrolling of territorial boundaries, or via revisitation to locations
187 of interest via the same routes. Maps in Fig. 1 depict the location of ridges inside home ranges
188 calculated for several individuals across landscapes in which movements of both canids and felids
189  were studied.

190

191 When using ctmm to estimate the location of ridges within a home range, we replaced the

192 accurate yet O(n?) computationally slow ks package (15) (which proved completely

193 unworkable with our large GPS-based datasets) with an approximate yet O(n) computationally
194 fast algorithm developed for this project. This algorithm numerically calculated gradient and
195 curvature information in probability density per pixel, allowing us to identify any neighboring
196 ridge-line points from each pixel. For each pixel, we then tallied the estimated number of

197 ridge-line points contained within its neighboring cells, and normalized each per-cell tally by
198 the total number of neighbors to obtain a value between 0 and 1 that we could threshold with
199 regard to how certain (numerically) an area of heightened probability had to be so as to be

6
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scored a ridge. That is, the tunable threshold certainty value corresponded to our folerance for
what constituted an actual ridge of probability within a home range. For example, with a
tolerance threshold very near 0, a broad, very nearly flat portion of a probability density
surface would include a ridge inside it, whereas with a tolerance threshold very near 1, only the
sharpest, steepest regions of a probability density surface would include a ridge. The
qualitative outcomes of our multispecies analyses (see below) were broadly insensitive to this

threshold (Table S4), and we adopted an intermediate value of 0.5 throughout.

Our reliance on the computationally fast ctmm algorithm for ridge identification created a
particular type of estimation error in the form of a numerical (aliasing) artifact that led to the
identification of a pair of non-intersecting disjunct ridge curves where one would expect only a
single ridge curve. Generally speaking, a true probability ridge will fall between each pair of
non-intersecting curves, but identifying its specific spatial alignment using the ks algorithm is
only possible with enormous computational cost for all but the shortest movement tracks.

The aliasing curves, which may appear circular, oval, crescent-shaped, or otherwise connected
at some image resolutions (but are not connected), will appear widely separated in portions of
an animal’s home range with low average probability density. In contrast, for portions of the
home range featuring relatively high probability density, the two non-intersecting curves will

fall very close to one another and may not even be visually distinguishable.

Importantly, the numerical aliasing artifacts affected only the intercepts of the statistical
models for ridge density described below, and had no bearing on the reported effect sizes or
hypothesis tests. In contrast, the numerical aliasing artifacts do have the potential to introduce
an upward bias in the calculation of ridge-associated probability mass. This would occur
because the aliased ridges could create superfluous buffers that intercept more probability mass
than the buffers along the corresponding true ridge curve would have intercepted (had it been
calculable). However, the bias introduced by this aliasing is expected to be small because the
aliased ridges are most widely spread (and thus create the greatest opportunity for non-
overlapping buffer zones), when local probability densities are small. Nevertheless, because of
this potential for upward bias, however small, the reported values of ridge-associated
probability mass should be interpreted as upper bounds on the true values (Figs. S5,6).

7
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To avoid confusion, the probability ridges plotted in Figures 1D-G and 2 are based on the

computationally slow ks algorithm that avoids plotting any aliasing artifacts.

For comparative analyses, we focused on two metrics: ridge density and ridge-associated
probability mass. Ridge density is determined by 1) total ridge length (m), calculated as a simple
sum of the lengths of all ridge elements in an individual’s home range (interpretable as travel
routeways used more heavily than other, adjacent areas), and 2) a standardization that adjusts for

the size of that individual’s home range. Mathematically, we have

total ridge length?

ridge density = (S1)

home range area

where home range area is calculated as the mean of the 95" percentile of the AKDEc range
distribution estimated through ctmm (see SI Detailed Methods: Dataset). As a variable, ridge
density is both dimensionless and intrinsic (in the sense that it does not scale trivially with home-
range size), making it a preferred choice for analysis in subsequent complex models. We opted for
this mathematical definition of ridge density instead of an alternative (total ridge length /
sqrt(home range area) to retain the greatest flexibility with regard to statistical transformations
that might have been necessary in the context of our analyses (described below). Our definition of
ridge density and the metric from the alternative definition are proportional under a logarithmic
transformation, and our decision to use Eq. S1 did not affect the significance of our results. We
obtained our second focal metric, ridge-associated probability mass, by placing spatial buffers of

various widths along each probability ridge, as detailed in Materials and Methods in the main text.

An animal with high (or low) density of ridges navigates via a large (or small) set of travel
routeways relative to the extent of its home range. Importantly, because the locations of ridges
within a home range distribution ultimately derive from a bandwidth-limited autocorrelated kernel
density estimate (AKDEc), ridges are asymptotically consistent predictions of where the most-
intensely used travel routeways will eventually be located, given the available GPS data. In all
statistical analyses (described below), we included a simple first-order bias-correction term,
1/ESS, to model the lack of resolution in ridge density in home ranges deriving from movement

tracks with low data density.
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Ridges reflecting re-used paths could arise because biological processes (e.g., perception,
memory) influence navigation through a home range) or because environmental features form
natural corridors/barriers within the home range. For instance, if looking at an arboreal species,
efficient travel routes from tree to tree could exist based on proximity, making it difficult to
discriminate memory from environmentally constrained movement (16). Among carnivores,
roads, cliff faces, and other physical features structure movement routes in some locations (17-
19). As detailed below, our statistical analyses used a series of landscape metrics to assess the

potential importance of environmental factors that differ across spatial contexts.

Phylogenetic considerations

Because we needed to simultaneously account for the evolutionary nonindependence among the
species in our dataset and test for a clade-level difference in movement between canids and felids,
we positioned all 34 of the species on the maximum clade credibility (MCC) consensus tree of the
completed phylogenetic tree for mammals downloaded from the VertLife database (20). We used
the long-tailed pangolin (Phantaginus tetradactyla) as an outgroup not included in the Carnivora,
the sea otter (Enhydra lutris), the grey seal (Halichoerus grypus), and the American black bear
(Ursus americanus) as members of the Caniformia outside the Canidae, and the striped hyaena
(Hyaena hyaena) and common slender mongoose (Herpestes sanguineus) as members of the
Feliformia outside the Felidae. (Note: we included these in/outgroup species to structure and aid
visualization of the phylogenetic distance matrix, which was then trimmed to include only canid
and felid species before any statistical calculations; in/outgroup species did not involve any
movement data). The 34 species movement dataset included at least one species from all major
lineages of the Canidae and all major lineages of the Felidae, except one, the little-known bay cat
lineage consisting of the genera Catopuma and Pardofelis. The MCC consensus tree we used in
our focal clade-level analyses (detailed below) involves some phylogenetic uncertainty because,
when the VertLife database was being developed, DNA data were not available for 2 of the 34
species for which we obtained movement data (Leopardus geoffroyi, Vulpes bengalensis; 20). To
examine the potential influence of this phylogenetic uncertainty on our primary analyses, we
conducted separate clade-level analyses on a reduced movement dataset using the MCC
consensus tree of DNA-only distributions (20) for the 32 species whose DNA data informed the
9
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VertLife database. Hereafter, we refer to this reduced movement dataset (1201 tracks, 15 canids,
17 felids) as the ‘DNA only tree’ dataset. For phylogenetic data manipulations, we relied on the R
packages ape (version 5.7.1) (21) and phytools (version 1.2-0) (22).

Covariates and alternative hypotheses

Diverse factors could influence the extent and location of ridges within an individual’s home
range. Examples include tree cover, topography, or human infrastructure that could shape
movement routeways by favoring or disfavoring certain areas (17-18, 23), body mass or hunting
strategies that influence how animals move through their landscapes (24-27), or aspects of the
GPS tracks themselves such as data density or the predicted home range size. We considered nine
variables as fixed-effect covariates in our comparative models, and organized them according to
whether they derived from species-level differences arising from each species’ unique
evolutionary biology or individual-level factors that depended on each organism’s unique GPS
track. Table S1 provides detailed information about these nine variables, including descriptions,
justifications, and citations. Briefly, we considered 1) three individual-level variables calculated
directly from ctmm (home range size, ESS, and speed), 2) four individual-level spatial variables
(terrain roughness, tree cover, human footprint index, and variation dynamic habitat index for
gross primary productivity “Var DHI GPP”), each of which was spatially averaged over each
individual’s estimated home range, and 3) two species-level factors (body mass and movement
strategy while hunting). In preliminary analyses, we substituted road cover (one of the
components of the human footprint index (28)) for the complete human footprint index. Finding
only the most minimal differences, we used the complete human footprint index in all subsequent
analyses because it captures more dimensions of human activity and infrastructure to which

animals might respond by changing their movement (23).

Of these potential covariates, movement strategy while hunting requires special attention because
similar variables have appeared in earlier comparative studies of carnivore locomotion and
predatory niches (29-31). Other resources provide additional detailed species-level descriptions of
canid and felid movement (24-27), and several coauthors provided their expert assessments for
this analysis based on extensive direct observation of hunting strategies. However, different sets
of terms have been used in different sources, established term sets exclude some movement

10
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strategies reported in some sources, and movement behaviors are not detailed in any one resource
for all 34 species in our full dataset. Consequently, we integrated across the varied terminology
used in previous comparative analyses, species narratives, and additional sources to arrive at a set
of three generalized terms describing canid and felid movement strategies while hunting that were
simultaneously behaviorally distinct and inclusive of variations (Table S2). These were 1) pursuit
(in which prey are actively chased, sometimes for many hundreds of meters), 2) slow walking
(which, upon discovery of prey, would typically involve some elements of stalking, ambushing,
and pouncing), and 3) disruptive fast hunting (in which carnivores move quickly through an area
attempting to startle and flush prey). We treated these strategies as indicator variables, which
meant that (unlike previous categorizations) a species could be classified as employing more than
one strategy. Importantly, however, we emphasize that our analyses used all location data

available from each GPS track, not just portions that could be defined as hunting.

Statistical analyses

We modified the R package metafor (version 3.8-1) to conduct phylogenetically controlled
generalized linear mixed model (PGLMM) analyses of ridge density. In all analyses, we tested for
a clade-level difference between canids and felids while using one random effect to accommodate
the phylogenetic autocorrelation and another random effect (a Normal regression error, not
included by default in metafor) to control for interspecific differences in numbers of individuals
(SI Methods: Sample Code). The nine covariates discussed above appeared as fixed effects,
including effects at the level of the species and the individual (Table S1). In these models, ESS is
effectively a bias correction to the intercept; that is, the combination of intercept and 1/ESS sets

the overall scale (with bias correction), but does not explain any biological variation.

Movement data for the same species but from different environments (and therefore different
external conditions) could further clarify the extent to which biological processes (such as
memory) versus environmental factors are driving clade-level differences in ridge density. One
simple hypothesis is that ridge density should be similar for the same species in different
landscapes if there is a strong role for carnivore biology, but dissimilar across landscapes if the
density of re-used routeways is driven more by local prey and spatial context. However, any
intraspecific differences across landscapes would not necessarily be independent of biology

11
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because context can have a strong influence on cognitive processes (32). We explored this issue
using a dataset of 11 species (five canids and six felids), each of which was studied in at least
three landscapes. We used GLMs to conduct separate analyses for each species, testing for
evidence of heterogeneity in ridge density across the particular landscapes from which GPS track
data for that species were available. For each species, the fitted GLM included home range area,

1/ESS, and a study-level indicator variable.

We also conducted separate analyses in which the full statistical model, including all nine fixed
effects covariates, was applied separately to the canid and felid groups. This is the functional
equivalent of putting the clade effect in interaction with all variables, but is more easily
understood and far easier (and faster) to estimate numerically. We looked for differences in the
relative importance of the different predictor variables between the two carnivore families while

controlling for evolutionary non-independence within families.

SI Methods: Sample Code provides sample code illustrating our approach to the complex
phylogenetically controlled mixed-effects models that allow for tests of clade-level differences in
ridge density between canids and felids. The full code for all analyses is available at
https://github.com/anagkrish/cat_dog_mem and a permanent repository at

https://zenodo.org/records/16172335.

Figure S9 presents results from standard methods for assessing the appropriateness of the
PGLMM statistical model for ridge density presented in the previous subsection. Collectively,

these results indicate that the linear modeling assumptions of our method are satisfied.

Potential Limitations

The continuous time movement models we used to delineate individuals’ home ranges assume
both a random movement process and statistical stationarity of the process. The random
movement assumption could be violated if physical features of landscapes constrain movements
in ways not represented in czmm models. For example, margays (Leopardus wiedii), which
routinely hunt arboreally, may be influenced by tree-to-tree connectivity, while snow leopard
(Panthera uncia) movement may reflect coarser-scale physical constraints in some areas (19,26).

12
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The stationarity assumption could be violated if carnivores exhibit spatial biases in their rates and
linearity of movement in some conditions (e.g., wolves will follow forest roads in winter (17)). If
our assumptions are broadly violated, the most generic interpretation of our results would be that

canids exhibited greater ridge density in our study because they make more structured movements

through landscapes.

Sample Code

Here we present sample R code and output for phylogenetically controlled mixed model
analysis using a version of the package metafor specifically modified for this purpose. In this
example, we use the best-fitting mixed model for the full dataset of 1239 individuals, which are

spread across 34 species. Ridge density was modeled as

#setting up random effects

random <- list(~ 1|phylo, ~ 1|point)

# these will be the only fitted variances in metafor, the latter is a normal regression error (not
included by default) that addresses the influence of radically different sample sizes per species
R <- list(phylo=ph_corr)

#tixed effects
mods <- ~ log mass_st + pursuit + disruptfast + slowwalking + log hr st +inv _ess +

log_roughness st + mean_treecover + mean_hfi + seasonality dhi gpp st

#model call
FIT <- metafor::rma.mv(log_ridge,V=0,mods=mods,random=random,R=R,data=ridge)

This model yielded output of :

13
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Multivariate Meta-Analysis Model (k = 1239; method: REML)

logLik Deviance AIC BIC AICc
-376.7287 753.4574 779.4574 845.9282 779.7572

Variance Components:

estim sqrt nlvls fixed factor R
sigmarZ2.1 ©0.4129 0.6426 34 no phylo yes
sigmar2.2 0.1033 0.3214 1239 no point no

Test of Moderators (coefficients 2:11):
QM(df = 10) = 326.1984, p-val < .0001

Model Results:

estimate
intrcpt 4.6862
log_mass_st -0.0339
pursuitil -0.2373
disruptfastl 0.0141
slowmwalkingl -0.2295
log_hr_st -0.0791
inv_ess -4.6404
log_roughness_st -0.0298
mean_treecover -0.0668
mean_hfi -0.0968
seasonality_dhi_gpp_st -0.0120

[~ B IS IS I I S
O O OO A AN A

Signif. codes: @ ‘***’ 0.001 ‘**’ @.01 ‘*’ 0.05 ‘.’ 0.1 * ’ 1

414

415 In the above output, sigma>.1 represents the effect of the overall phylogenetic variation and
416 sigma®.2 represents the random effect of differential sampling across species. With an

417 estimated effect of 0.4129, the magnitude of the phylogenetic variation is much stronger than
418 all of the fixed effects except effective sample size (ESS), which we use as a bias correction
419 term accounting for differences in GPS track quality. Home range size, the slow-walking
420 categorical strategy of hunting movement, and terrain roughness were also all significant as
421 predictors of ridge density.

422

423 The next step in the analysis uses the fitted mixed effects model to resolve the overall

424 phylogenetic effect into a specific test of a clade-level difference between canids and felids.
425 We used the custom ranef2() function to extract both the predicted random effects and their
426 covariance matrix, which is not a user feature of metafor. With this information we calculated
427 optimal predictions of the clade differences.

428
429 The code to estimate a clade-level effect was
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EFF <- ranef2(FIT)$phylo
REST <- EFFS$est # random effects
RCOV <- EFF$COV # error covariance

CANINE <- ridge$clade=="canidae"
CANINE <- unique(ridgeSphylo[ CANINE])
FELINE <- ridge$clade=="felidae"
FELINE <- unique(ridge$phylo[FELINE])

1COV <- ctmm:::PDsolve(RCOV) # safe matrix solver

dW.dl <- iCOV %*% cbind( names(REST) %in% CANINE , names(REST) %in% FELINE )
M <- rbind( colSums( dW.dI[CANINE,] ), colSums( dW.dI[FELINE,] ) )

lambda <- ¢( solve(M) %*% c(1,-1) )

W <- ¢(dW.dIl %*% lambda)

names(W) <- rownames(dW.dl)

# W[CANINE,] # check +1
sum(W[CANINE])

#

# W[FELINE,] # check -1
sum(W[FELINE])

# point estimate
DIFF <- ¢(W %*% REST)
VAR.DIFF <- ¢(W %*% RCOV %*% W)

# relative impact on ridge density (back transform)

ctmm:::norm.ci(DIFF, VAR.DIFF) # normal confidence intervals
exp(ctmm:::norm.ci(DIFF, VAR .DIFF))

This analysis concluded that, on average, home ranges of canids featured ~15% (95% CI: 8 -
22%) greater ridge density than did home ranges of felids, after fully controlling for species-
level traits (body mass, movement strategies), and individual-level variation in home range
size, the effective sample size of the movement tracks, and spatial environmental covariates
(terrain roughness, tree cover, human footprint index, and seasonality of gross primary

production). The output was
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> ctmm:::norm.ci(DIFF, VAR.DIFF)

low est high
0.07923327 0.13974562 @.20025798

> exp(Cctmm:::norm.ci(DIFF, VAR.DIFF))

low est high
1.082457 1.149981 1.221718

Potential artifacts due to database structure and potential sources of bias due to

statistical estimation.

The dataset we aggregated for this analysis reflects diverse forms of heterogeneity that have
the potential to impact our results, either directly or through interactions with potential
sources of bias in our statistical estimation procedures. We addressed the most
straightforward of these potential problems through our analyses of the DNA Only, Speed
Included, No Preprocessing, Shared Landscapes, and Year or Longer subdatasets. In this
section we report on 1) the potential biases leading up to decision to analyze the Year or
Longer subdataset, 2) the potential for ‘false positive’ probability ridges due to finite sampling
effort when ridges should not exist in a Null Model, 3) our ability to reconstruct both the
location and the length of probability ridges when they are known to exist analytically in a
Alternative Ridge Model, 4) a comparison of results among the Null Model, the Alternative
Ridge Model, and the empirical datasets, and 5) suggestions for future improvements to our

methods.

1) Potential phenological biases leading up to the Year or Longer subdataset.

Phenological biases in the availability of GPS tracks could potentially affect our results. For
example, if individual animals exhibited strongly divergent space use at different times of the
season, and the available GPS data only reflected a portion of the annual cycle that was
unrepresentative of the rest of the year, then the location and extent of probability ridges in the

home range distributions could be biased or incomplete.
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To address this possibility, we used circular statistics approaches to characterize the
availability of GPS track data by day of year for the dataset as a whole and for each species
separately. At the level of the whole dataset, canids and felids were nearly identical in the
seasonal availability of movement data, with slightly more felid data available between

January and April and slightly more canid data available between June and December (Fig.

39).

At the species level, seasonal data availability for wolves (Canis lupus) and cougars (Puma
concolor) was most circularly uniform in their respective clades, so these species served as
reference points for comparisons (Fig. S10). In contrast, data for Arctic foxes (Vulpes
lagopus) exhibited the most extreme divergence from complete annual availability, mostly
due to the seasonality of Arctic field work combined with the short life of batteries allowing
high-intensity GPS tracking. Among canids, dhole (Cuon alpinus) and crab-eating fox
(Cerdocyon thous) exhibited lesser degrees of seasonal asymmetry in data availability.
Seasonal asymmetry was less extreme among felids overall, with ocelot (Leopardus pardalis)
and margay (Leopardus wiedii) exhibiting the strongest divergence from circularity (Fig.

S10).

Ultimately, to ensure that any clade-level effects we found in the full dataset were not due to
phenological differences across GPS tracks, we extracted and analyzed a reduced subdataset
consisting only of those individuals whose GPS tracks had durations > 1 year (n = 342).
Results from analyses of this ‘year or more’ subdataset were broadly consistent both

qualitatively and quantitatively with results from the full dataset (Figs. 3B, S1, S7).

2) Potential for ‘false positive’ probability ridges due to finite sampling effort when they

should not exist in a Null model

To demonstrate the performance of our methods when probability ridges should not exist, we
consider the case of a stationary Gaussian stochastic process as a Null Model. A Gaussian
stochastic process is a stochastic process (a collection of random variables indexed by time or
space) such that any subset of those random variables is jointly Gaussian. A Gaussian
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stochastic process can be completely defined by its mean and (kernel) covariance functions,
and (in two dimensions) the stationary distribution of a stationary Gaussian stochastic process
is simply a two-dimensional Gaussian distribution (83). Mathematically, this definition
means that the stationary (i.e., asymptotic) distribution of a stationary Gaussian stochastic
process has no probability ridges. Consequently, when one estimates a home range from a
finite set of points produced by a stationary Gaussian stochastic process, any probability
ridges identified by ctmm from that home range are false positives. In our parlance, such false
positives would indicate the presence of a movement routeway when in fact there was none
from a statistical perspective. For example, false positives of probability ridges could occur
for a stationary Gaussian stochastic process whose estimated distribution deviated in some

way from the corresponding stationary distribution as a result of finite sampling effort.

We used the R package ctmm to create 6 sets of 100 sequences of points sampled from a
stationary OUF (Ornstein-Uhlenbeck with Foraging) Gaussian stochastic process (4). These
sets of sequences varied with respect to temporal duration as a gauge of the completeness of
sampling effort relative to what would be expected from the stationary distribution. In all
cases, we would expect to find probability ridge lengths equal to zero in the corresponding
stationary distributions, but we might in reality find very low probability ridge lengths due to
artifacts evident in the sample sequence due to finite sampling effort. Such false positives

would be predicted to decrease toward zero with increasing sampling duration.

Parameter values chosen for these simulations agree with those estimated from the empirical
movement tracks. To explore the effect of short duration, we simulated from an OUF model
with 24 samples/day (comparable to our dataset, which had min-average-max of 1-82-1440
locations/day, respectively), Tv= 43200 seconds (comparable to our dataset, which had min-
average-max of 0-2376-86678 seconds, respectively), and the duration ranging from 32 to
1024 days (comparable to our dataset, which had min-average-max of 30-294-3612 days,

respectively).

Our Null Model results (Table S5) matched our predictions, indicating that our methods do
not identify false positive probability ridges in the absence of a movement model except for

understandable small effects (probability ridge lengths of ~2 - 12km) that arise due to the
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effects of finite sampling effort. We show below how small these estimated lengths are
compared to an Alternative Ridge Model where ridges should exist, and compared to our

empirical data.

Table S5 illustrates that the false positive probability ridge length due to finite sampling
effort was as a function of track duration, and that false positives were greatest for tracks
with the shortest durations. We note that, for our analyses, 1) we only considered tracks of at
least 30 days duration, and 2) we have already controlled for variation in track duration (and
concomitant effects on false positive ridge density) through our inclusion of the predictor
variable ESS (effective sampling size, a measure that includes effects due to varied track

duration (3) in all of our comparative statistical analyses.

Figure S11 provides an illustration of probability ridges that emerge as artifacts of finite
sampling in our Null Model consisting of an OUF Gaussian stochastic process in the absence
of a movement model. Note that the probability ridges artifactually evident due to finite
sampling size are small and scattered across the distribution range. They look nothing like

the probability ridges observed in our empirical datasets (Figs. 1-2 from the main text).

3) Reconstructing the location and length of probability ridges when they are known to

exist analytically in an Alternative Ridge Model

To demonstrate the performance of our methods when probability ridges are known to exist,
we require a case where the expected length of probability ridges in a home range can be
determined analytically for the case of finite sampling effort. We do this for the case of an
Alternative Ridge Model involving a periodic OUF process with circular motion that

approximates a maned wolf, Chrysocyon brachyurus, patrolling a territorial boundary (§4).

Asymptotically, this type of routeway-based motion yields a stationary distribution
consisting of an annular 2D probability density function aligned around a circular path of

known location that specifies the center of the animal’s patrolling effort. Stochasticity around
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this circular path creates a wider routeway of movement. Moreover, in the stationary
distribution of the Alternative Ridge Model, there should exist a single, circular probability
ridge that extends along the ridgetop of the aforementioned annular PDF and corresponds in
space to the location of the known circular route. The length of this single probability ridge
should match the perimeter of the underlying known circular route (subject to the effects of
finite sampling effort), and this length will be determined by the parameters that control the
periodic motion. It turns out that the length of this circular probability ridge can be calculated
exactly by means of Bessel Functions. This means that we can directly compare the
probability ridge lengths calculated for a finite dataset against the precise probability ridge
lengths expected analytically for the corresponding stationary distribution. This creates an
analytical baseline for assessing the method’s performance in identifying ridges when they
are known to exist. (Unfortunately, an analytical estimate of the expected ridge density is not

calculable, but we can make the point easily enough using ridge length.)

The stationary probability density function for a 2-dimensional OUF stochastic process that
follows a circular movement route of radius x# with standard deviation o is expected to be

symmetric with respect to the origin. The probability p at radius » can be expressed as

_((r—ucos@)2+uzsin26)
202

2T
(r,0) = 1[
pir, T2

0

21 2 2
1 1 _(r —2rucosf+u )
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(271)202 f dGe o
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in terms of the modified Bessel function /, of order a (here zero). Given the circular
movement process, we anticipate that the probability ridge atop the distribution of space use
will also be annular in structure, and we next estimate the location of a probability ridge #

where the probability distribution reaches a peak at p(#, 0)’ = 0. Taking the derivative, we

have
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Simplifying, we have
T\ _ o (TR _ TH
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The Modified Bessel Functions can be evaluated numerically. When the variance in the

movement process is non-negligible, we have asymptotically,

3
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in the low noise case. For ¥ /& < /2 the probability density function (PDF) is unimodal,
with one mode at the origin. For H / o = V2 the PDF is degenerate, with a flat plateau at the

origin. For H /. & > /2, the PDF has a circular ridge around the origin.

We used the R package ctmm to sample 6 sets of 100 sequences of points from an OUF
Gaussian stochastic process with a circular movement model. These sets of sequences varied

with respect to temporal duration, sampling frequency, and the timescale over which velocity

was autocorrelated (tv) (3). Provided H / o > V2, we would expect to find that the probability
ridge lengths evident in the sampled datasets were far from zero because the stationary
distribution of the Alternative Ridge Model will always have a probability ridge
corresponding to the location of the underlying circular movement path. The length of the
probability ridges calculated for a given sampled sequence of points—and consequently the
density of probability ridges—should vary, perhaps considerably, away from the expected
value depending on the particular locations sampled and how those sampled locations
influence the position of probability ridges in the range PDFs developed from the sampled
tracks. We expect to see greater deviation away from the analytically determined probability
ridge length values for simulated movement tracks that are of short duration.

We again considered the effect of track duration as a measure of dataset incompleteness,
yielding an estimated distribution that deviated from the stationary distribution. To do this,

we simulated from an OUF model with 24 samples/day (comparable to our dataset, which
21



644
645
646

647
648
649
650
651
652
653
654
655
656
657
658
659
660
661

662
663

664
665
666
667
668

669
670

671
672
673
674

had min-avg-max of 1-82-1440 locations/day, respectively), Tv= 3600 seconds (comparable
to our dataset, which had min-avg-max of 0-2376-86678 seconds, respectively), and

the duration ranging from 32 to 1024 days (comparable to our dataset, which had min-avg-

max of 30-294-3612 days, respectively). In this example, because H / o > V2, the stationary
distribution of the stochastic process includes a probability well, and the mean path forms a
circle with perimeter ~6.28 km, which adjusts downward to a ~ 5.94 km ridge when
accounting for the effects of stochasticity in the above derivation. In this Alternative Ridge
Model, the anticipated value for our statistical estimation method is thus 5.94km times a
factor of ~2 (for the computational aliasing artifacts discussed previously) plus the false

positive estimation error due to finite sampling effort (see Table S5).

Our results for probability ridge length (km) (Table S6) generally matched our predictions,
indicating that our methods consistently identify the existence of probability ridges at levels
well away from zero when an underlying movement route is known to exist. Furthermore,
our results demonstrate that the average value of the 100 simulations for each parameter
combination approximates the specific value of probability ridge length expected on the basis
of the analytical formula presented above. Artifacts due to finite sampling effort again

underlie any deviations from the analytical expectations.

Figure S12 illustrates a range distribution calculated for an animal that stochastically patrols
a region following a circular movement route via a Periodic OUF stochastic process. The
circular movement route (which corresponds to the location of the single probability ridge)
appears in panel A. The probability density function calculated from a finite sampled
trajectory appears in panel B, along with the probability ridges estimated from this finite

trajectory.

4) Comparison of results among the Null Model, the Alternative Ridge Model, and the

empirical datasets

Figure S13 contrasts results from the Null Model, the Alternative Ridge Model, and the

empirical datasets, demonstrating three important features. First, the ridge lengths calculated
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from the individual-level empirical movement tracks substantially exceeded the low false
positive values obtained from the Null Model (a stationary OUF process that lacked a
movement model) (see Figure S11). These findings suggest that the probability ridges we
identified in the empirical tracking datasets are real features of the animals’ home range
distributions rather than sampling artifacts. Second, the ridge lengths calculated from the
individual-level empirical movement tracks were at least comparable to (and often greatly
exceeded) those of the Alternative Ridge Model in which a known routeway was present (see
Figure S12). The fact that the empirical ridge lengths exceeded those of the Alternative
Ridge Model is expected because the real home range distributions exhibited substantially
more complexity than would be expected in the case of the Alternative Ridge Model that was
simple enough for an analytical calculation. Third, the relationships among the Null Model,
the Alternative Ridge Model, and the empirical datasets were consistent regardless of

whether we considered ridge length or ridge density.

5) Suggestions for future improvements to our statistical methods.

In calculating our area and ridge length estimates, we optimized the bandwidth for
probability density estimation (11), but we did not invoke the area bias correction of (12),
because it increased the numerical errors in the gradient and curvature calculations required
for ridge estimation. An improved analysis would (a) include the bias correction for area
estimation, but not for ridge estimation, and (b) optimize the bandwidth in three different
ways — once for density estimation, once for gradient estimation, and once for curvature
estimation, with the first for area estimation and the latter two for ridge estimation. In the
context of mode estimation via KDE on independently sampled data, convergence can be
optimized by minimizing the mean integrated square error of the gradient of the density
function rather than the density function itself (85). It should be a straightforward yet
involved derivation to generalize the results from (11) to the gradient and curvature of the

density function with autocorrelated data.

Supplemental discussion of particular species and natural history topics.

Species found in multiple landscapes.
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708
709 The full dataset included GPS movement tracks for 11 species—six canids and five felids—that

710 were each studied in at least 3 different landscapes. Table S3 provides detailed information
711 about the studies used in this cross-landscape investigation and Fig. S2 presents ridge density
712 data for all species x landscape combinations. Some tropical savannas include seasonally

713 flooded grasslands.

714

715  Natural history pertaining to carnivore routeway usage and navigation

716 Published literature includes several mentions of felid species preferentially moving through
717  their range on trails (including Felis silvestris (33), Leopardus geoffroyi (34), Leopardus

718  pardalis (35), Leptailurus serval (36), and Lynx rufus (37)), and these species exhibited some
719  of the highest ridge-associated probability mass in their family (Fig. S6).

720

721 In some species and landscapes, trails or navigational waypoints facilitating movement are
722 persistent (or even actively maintained) among individuals and across generations via physical
723  or chemical means (38-39). Whether ridge density and maps of ridge locations are similar
724  across individuals residing in specific locations could be investigated in those species where
725 territories are inherited after a resident dies (40).

726

727  Untested Alternative Interpretations

728 Limited evidence for magnetic cues exists in canids, which has been hypothesized to affect
729 their foraging, orientation, and homing (41-42). However, questions about the generality and
730 importance of these factors persist (43), raising questions about the potential of magnetic cues
731 to assist in home range scale movements. No evidence yet suggests that any magnetic

732 responsivity present in canids is as profound an adaptation as the well-known examples of

733 magnetoreceptive animal migration (44) and tunneling (45). For felids, data regarding

734 magnetoreception is apparently not available (43), but examples of long-range homing do exist
735 (46), though these could involve non-magnetic cues (e.g., sun, polarized starlight, olfactory
736 cues, landmarks).

737
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Denning activity is common in both canids and felids, and would concentrate individuals’
movements in a spatial area. However, unless individuals routinely used specific routes to
access and leave a den site over an extended distance, denning would primarily result in a local
probability peak (i.e., a statistical mode) in a home range distribution rather than a probability
ridge. Data on the spatial locations of dens were not available for many individuals either due

to the seasonality of the movement track (SI Potential phenological biases) or because it was

not possible to systematically identify den sites by ground-truthing given the remote nature of
many field sites. Communal latrines, including latrines used by multiple species, are another
important part of carnivores’ space use (47-50), but again such features would most likely yield

modes rather than ridges within home range distributions.

Comments on species-level ridge density estimates

Three canid species (wolves, dhole (Cuon alpinus), and African wild dogs (Lycaon pictus))
exhibited lower mean ridge densities similar to average felids (Fig. S4). These three canids
regularly hunt in groups and use a complex division of roles during hunting (24,25), traits that
could influence their use of space through group-level decision-making. However, other canids
that routinely (Canis aureus) or facultatively (Canis latrans, Lupullela mesomelas, Cerdocyon
thous) hunt cooperatively did not have low ridge densities, and lions (Panthera leo), famed for
their cooperative hunting, exhibited ridge densities no different than their solitarily hunting
congeners (Fig. S3). Because sociality is not strongly connected to cognition in carnivores
(51,52), an alternative interpretation would eschew cooperativity in favor of an explanation
linked to the high metabolic and energetic costs of hyper-carnivory (53,54), a feeding trait that
C. lupus (in many regions), C. alpinus, and L. pictus share with many felids, but not with
several other canids that are more omnivorous. In contrast, two felid species (servals
(Leptailurus serval) and jungle cats (Felis chaus)) had higher ridge densities more similar to
average canids (Fig. S3). Upward deviations in ridge density for these two felids could be due to
unmodeled environmental variables or differences in diet breadth. For example, jungle cats and
servals have wide diet breadth (55,56), even within individuals, which could necessitate a more
complex set of re-used travel routeways within their home ranges compared to other felids that
have more specialized diets. Other, undiscovered aspects of these two species’ behavior may
also distinguish their reliance on re-used routeways from those of other wild felids.
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Figure S1. Effect size plots for ridge density for all subdatasets. Continuous variables were standardized so that the effect size

corresponds to 1 standard deviation of the predictor, whereas for a variable expressed as a percentage, the effect size corresponds to
the full effect of that predictor at 100%. Predictors in bold font and purple plotting represent biological variation, and the plots labeled
Phylogenetic and Individual are prediction intervals. The plotting labeled Phylogenetic (Clade) is part of the overall phylogenetic
variation, but it is expressed as a mean and confidence interval alongside other model coefficients. Model covariates are in green,
including indicator variables (italics), variables log transformed for analysis (bold-italics), and standardized variables (asterisk). Effect
size plots for the full dataset appear in Fig. 3A. Labels N, C, and F are the number of individuals, canid species, and felid species,

respectively.

29



Figure S2. Empirical and
fitted ridge densities for
canid and felid species
occurring in multiple
landscapes. For each
species x study site
combination, the plot
includes a violin plot of
the empirical ridge density
data (colored shapes), the
predicted means from the
full model (solid
triangles), and the mean
(£95%CI) estimates from
a species-specific model
(open diamonds). X-axes
labels provide the Alpha2
country abbreviation (top
row) and the biome
(bottom row). Biomes
(57), are: temperate
broadleaf and mixed forest
(TBMF), temperate
coniferous forest (TCF),
boreal forest (BF), tundra
(T), tropical savanna
(TrS), temperate savanna
(TeS), tropical moist
broadleaf forest (TMBF),
Mediterranean scrub
(MS), and desert and xeric
scrublands (DXS).
Asterisks (* p <0.05, ***
p <0.001) identify the two
instances in which a
species studied in one
landscape differed from
the other landscapes for
that species.
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Figure S3. Empirical range of ridge density (vertical bars) and corresponding model-predicted means (symbols), labeled by clade (color) and

movement strategy while hunting (shape) (see Tables S1, S2). The label ‘Mixed strategies’ indicates evidence of two or more strategies for

movement while hunting.
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Figure S4. Effect size plots for ridge density of canids (A) and felids (B) analyzed separately, which represents an analysis comparable to
placing all covariates in interaction with the clade-level effect in Fig. 3A. Continuous variables were standardized so that the effect size
corresponds to 1 standard deviation of the predictor, whereas for a variable expressed as a percentage, the effect size corresponds to the full
effect of that predictor at 100%. Predictors in bold font and purple plotting represent biological variation, and the plots labeled Phylogenetic
and Individual are prediction intervals. The plotting labeled Phylogenetic (Clade) is part of the overall phylogenetic variation, but it is
expressed as a mean and confidence interval alongside other model coefficients. Model covariates are in green, including indicator variables
(italics), variables log transformed for analysis (bold-italics), and standardized variables (asterisk). Note: slow walking did not appear in the
Felidae output because it proved a redundant predictor in the analysis (i.e., every felid species that exhibited the pursuit strategy did not
exhibit the slow-walking strategy, and vice versa; Table S2). Labels N, C, and F are the number of individuals, canid species, and felid
species, respectively.
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Figure SS. Clade effects for ridge-associated probability mass (calculated for fixed spatial buffers of 10 m,
50 m, 100 m, and 200 m on either side of all ridges for each individual) are plotted as a ratio, with y = 0.0
indicating no difference between clades and positive values indicating increased ridge-associated
probability mass in canids. Clade effects are highly significant (p < 0.00002) for 10 m and 50 m buffer
widths for the full dataset, and for all buffer widths (p < 0.01 for 100 m, p < 0.0001 for others) for the
shared landscapes dataset.
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Figure S6. Empirical range of ridge-associated probability (vertical bars) and corresponding model-predicted means (symbols) for 50m ridge

buffer widths, labeled by clade (color) and movement strategy while hunting (shape) (see Tables S1, S2). The label ‘Mixed strategies’ indicates

evidence of two or more strategies for movement while hunting.
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Figure S7. Effect size plots for ridge-associated probability mass density for the full dataset and all subdatasets for ridges with 50m
buffer width. Continuous variables were standardized so that the effect size corresponds to 1 standard deviation of the predictor,
whereas for a variable expressed as a percentage, the effect size corresponds to the full effect of that predictor at 100%. Predictors in
bold font and purple plotting represent biological variation, and the plots labeled Phylogenetic and Individual are prediction intervals.
The plotting labeled Phylogenetic (Clade) is part of the overall phylogenetic variation, but it is expressed as a mean and confidence
interval alongside other model coefficients. Model covariates are in green, including indicator variables (italics), variables log
transformed for analysis (bold-italics), and standardized variables (asterisk). Labels N, C, and F are the number of individuals, canid
species, and felid species, respectively.
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Figure S8. Results from standard methods for assessing model adequacy for the analyses of ridge
density that comprise Figure 3A in the main text, demonstrating that the linear modeling assumptions
were satisfactorily met. Subpanels provide plots of A) residuals against predicted values, B) residuals
against an index of the underlying individual movement datasets (see Supplementary Dataset S1), C)
the quantile-quantile (Q-Q) relationship, and D) the histogram of residuals. Subpanel E presents results
from an analysis of collinearity of the linear regression terms.
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Figure S9. Comparative availability of canid and felid GPS fixes (across all species

and individuals) as a function of time of year.
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Figure S11. Probability ridges identified for a Null OUF Gaussian stochastic process without a
movement model. The parameters of the model were: 1, = 86400 sec, tv = 1350 sec, > = 100000 m?, p
= ¢(0,0), Days: 64, Fixes/day: 8. Sampled locations are in black and calculated probability ridges are in
blue. The scattershot of small probability ridges are false positives that appear by virtue of finite
sampling effort and represent deviations from the true value of zero probability ridge density expected in
the stationary distribution. The probability ridges were calculated via the computationally fast ctmm
algorithm so that at this visual resolution, individual ridges may appear ‘doubled,’ as “parallel lines’, or

as ‘closed loops’ due to the statistically inconsequential computational ‘aliasing’ discussed earlier.
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Figure S12. Probability ridges identified for the
Alternative Ridge Model based on a periodic OUF
Gaussian stochastic process that includes circular
movement. The parameters of the Alternative
Ridge Model were: 1, = 86400 sec, tv = 1350 sec,
o? = 100000 m?, Days: 32, Fixes/day: 8. The
movement model was defined as having a circular
mean trajectory with radius 1 km. Parametrically
this is expressed in ctmm as : p=¢(0, 0, 1000, 0,
1000, 0), Mean = “periodic”, Harmonic = c(1,0),
Period= 86400 sec. The circumference of the mean
path is ~5.94 km (blue circle), and the true length
of the probability ridge in the stationary
distribution for this stochastic process is ~6.28 km
(green circle) as determined by the Bessel function
calculation above. Panel A shows sampled GPS
points and trajectory, and the analytically
determined expected ridge locations. The long
probability ridges appearing in B in a roughly
circular form in the interior of the range
distribution provide good approximations to both
the expected location and the expected length of
the true probability ridge in A. The scattershot of
small probability ridges beyond the two long
probability ridges are false positives that appear by
virtue of finite sampling effort. The probability
ridges were calculated via the computationally fast
ctmm algorithm so that at this visual resolution,
individual ridges may appear ‘doubled,’ as
‘parallel lines’, or as ‘closed loops’ due to the
statistically inconsequential computational
‘aliasing artifacts’ discussed at length earlier.
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Figure S13. Contrasting results from the Null Model, the Alternative Ridge Model, and the empirical datasets in terms of ridge length (A) and ridge
density (B). Ridge length and ridge density are zero in the stationary distribution of the Null Model, and any deviations above that value are false
positives due to the effects of finite sampling effort. Ridge length and ridge density are expected to be above zero in the stationary distribution of the
Alternative Ridge Model (see Table S6). In the empirical datasets, values for both ridge length and ridge density are generally well above the levels
expected due to estimation error. Note quasi-logarithmic histogram bins in A.

1 A) B Null Model
0.8 O Alternative Ridge Model
0.6 M Felidae
B Canidae

Frequency
o
Y

0.2 |
0 . .’-I.j.l.l. ' : II | B B . . .
QO .0 pﬁ.‘r "bﬁ b?.‘r @E} ‘é} .A,PJ %ﬁ @Q Nﬁﬁ rﬁﬁ :"‘:;‘:’ﬁ buﬁﬁ %ﬁﬁ @QQ ’\Qﬁ q}ﬁf} C}Qﬁr\pﬁ‘:}
Probability Ridge Length (km)
4|
B)
0.8 ]
=
g 0.6
o :
g_ 0.4
E .
0.2
C’ | p— T =1 T T T T —L

41



Table S1. Fixed effects hypothesized to contribute to variation in ridge density.

Fixed Effect Statistical Level Abbreviation, Description, and Justification References
Aspects
Body mass Log Species Key driver of interspecific variation in mammals that could also 59
transformed / affect routeway use on biomechanical grounds. Sourced from
standardized Elton Traits 1.0.
Movement Categorical Species Distinguishes among carnivore species that routinely engage in See Table S2
strategy while long-distance pursuits, disruptive fast hunting to flush prey, slow
hunting walking to surprise prey, or a mix of these strategies. Different
strategies could translate into differential re-use of space.
Terrain roughness |Log Individual |May influence animal movement routeways when individuals 60-61
transformed / conserve energy by favoring locations with reduced physical
standardized gradients when available (thus concentrating their space use in
flatter areas) or when animals choose rougher terrain as a
protection against human persecution.
Tree cover Not transformed Individual |Could affect ease of landscape navigation via perceptual, 62
biomechanical, and physiological mechanisms
Human footprint | Not transformed Individual |HFI; Composite measure reflecting several ways in which humans |17, 23, 63-64
index alter landscapes. Known to shape movements by mammals
globally
Variation Log Individual |Var DHI GPP; Measure of the intensity of seasonality in a region, |65
dynamic habitat transformed / used to evaluate the potential importance of seasonal differences in
index for gross standardized movement conditions (e.g., snow depth; flooding), which could
primary influence an individual’s tendency to reuse travel routeways
productivity
Home range size |Log Individual |HR; Estimated as the mean 95% contour of an autocorrelated 2
transformed / kernel density estimation with small sample size correction
standardized (AKDECc) applied to GPS movement data via the R package ctmm.
Included to quantify any residual effects of an individual’s spatial
scale of movement beyond those captured in the standardization of
total ridge length (Eq. S1). E.g., larger home ranges may feature
lower ridge density due to limitations on how extensively travel
routeways can be remembered and thus re-used.
Effective sample |Inverse Individual |ESS; A bias-correction term quantifying data robustness for spatial |2
size modeling, accounting for GPS sampling interval, sampling
duration, and home range crossing time (measures mobility
relative to home range size); calculated via ctmm
Speed Not transformed / | Individual |Scale-insensitive continuous time measure; calculated via ctmm, 5

standardized

but only for individuals best fit by OUF models, which have
continuous velocity. Tests the hypothesis that travel speed is
related to ridge density, such as if fast travel reduced opportunities
for memory formation.
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Table S2. Movement strategies while hunting hypothesized to contribute to variation in ridge density

Species Movement strategy while hunting References
Canis aureus Disruptive fast hunting + Slow walking 24, 25,29-31
Canis latrans Disruptive fast hunting + Slow walking 24, 25,29-31
Canis lupus Pursuit 24,25,29-31
Cerdocyon thous Disruptive fast hunting 24, 25,29
Chrysocyon brachyurus Disruptive fast hunting 24,29,70
Cuon alpinus Pursuit 24, 25, 30
Lupulella mesomelas Pursuit + Disruptive fasting hunting 24, 66-68
Lycalopex vetulus Disruptive fast hunting 24,76
Lycaon pictus Pursuit 24,25, 29, 30
Nyctereutes procyonoides Disruptive fast hunting 24,25, 29-31
Urocyon cinereoargenteus Disruptive Fast hunting 24, 30
Vulpes bengalensis Disruptive fast hunting 24,77
Vulpes lagopus Disruptive fast hunting + Slow walking 24,78
Vulpes macrotis Disruptive fast hunting + Slow walking 24,79, 80
Vulpes velox Disruptive fast hunting + Slow walking 24,81, 82
Vulpes vulpes Disruptive fast hunting + Slow walking 24,29, 30
Acinonyx jubatus Pursuit 29, 31
Caracal caracal Disruptive fast hunting + Slow walking 24,26, 27, 29, 69
Felis chaus Slow walking 24,27, 30,71
Felis silvestris Slow walking 24,27
Leopardus geoffroyi Slow walking 24-27,72
Leopardus pardalis Disruptive fast hunting + Slow walking 29, 24, 217, 30, 73
Leopardus wiedii Disruptive fast hunting + Slow walking 24,27,74
Leptailurus serval Disruptive fast hunting + Slow walking 29, 26, 24, 27, 30
Lynx lynx Disruptive fast hunting + Slow walking 24,27
Lynx pardinus Slow walking 24,27
Lynx rufus Disruptive fast hunting + Slow walking 24,27,29
Panthera leo Slow walking 24,26, 27, 30, 75
Panthera onca Slow walking 24,27,29
Panthera pardus Slow walking 24,27,29, 30
Panthera tigris Slow walking 24,27, 29, 30
Panthera uncia Slow walking 24,27,29
Prionailurus viverrinus Disruptive fast hunting + Slow walking 24,27, 30
Puma concolor Slow walking 24,27, 29, 30

Note: In the pursuit strategy, prey are actively chased, sometimes for many hundreds of meters. Slow
walking includes sit-and-wait predation, and upon discovery of a prey individual, typically involves some
elements of stalking, ambushing, and pouncing behaviors that are terminology appearing in other works.
Lastly, disruptive fast hunting corresponds to carnivores moving quickly through an area attempting to
startle and flush prey. We treated these strategies as indicator variables, which meant that (unlike previous
categorizations) a species could be classified as employing more than one strategy.
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Table S3. Detailed information regarding the studies represented in Figure S2. Biomes from (57).

Country-Biome

Country Deconfliction
Species Study Identifier Country Biome Full Name Alpha2 Code Biome Abbreviation Identifier
Canis latrans Belant-Beyer United States Temperate Broadleaf & Mixed Forest US TBMF
Canis latrans Clark United States Temperate Conifer Forest UsS TCF
Canis latrans Kays United States Temperate Savanna US TeS
Canis latrans Prugh United States Temperate Conifer Forest + Temperate Savanna US TCF + TeS
Canis latrans Wheeldon Canada Temperate Broadleaf & Mixed Forest CA TBMF
Canis latrans Young United States Desert & Xeric Scrubland + Temperate Conifer Forest US DXS + TCF
Canis lupus Belant-Beyer United States Temperate Broadleaf & Mixed Forest US TBMF
Canis lupus Hebblewhite Canada Temperate Conifer Forest CA TCF
Canis lupus Hernandez-Blanco Russia Desert &Xeric Scrubland + Temperate Broadleaf & Mixed Forest RU DXS + TBMF
Canis lupus Lantham Canada Boreal Forest/Taiga CA BF 1
Canis lupus Patterson.B Canada Boreal Forest/Taiga CA BF 2
Canis lupus Sekercioglu Tiirkiye Temperate Broadleaf & Mixed Forest TR TBMF
Lupulella mesomelas Drouilly South Africa Desert & Xeric Scrubland ZA DXS
Lupulella mesomelas Getz-Bellan Namibia Tropical Savanna NA TrS
Lupulella mesomelas Ramesh South Africa Tropical Savanna ZA TrS
Caracal caracal Cristescu South Africa Desert & Xeric Scrubland ZA DXS 1
Caracal caracal Drouilly South Africa Desert & Xeric Scrubland ZA DXS 2
Caracal caracal Ramesh South Africa Tropical Savanna 7ZA TrS
Caracal caracal Serieys South Africa Mediterranean Scrub ZA MS
Felis silvestris Janssen-Dekker Netherlands Temperate Broadleaf & Mixed Forest NL TBMF
Felis silvestris Lang Germany Temperate Broadleaf & Mixed Forest DE TBMF 1
Felis silvestris Palomares Spain Temperate Broadleaf & Mixed Forest ES TBMF
Felis silvestris STHG Germany Temperate Broadleaf & Mixed Forest DE TBMF 2
Lycaon pictus Abrahms Botswana Tropical Savanna BW TrS 1
Lycaon pictus Cozzi Botswana Tropical Savanna BW TrS 2
Lycaon pictus Jackson Tanzania Tropical Savanna TZ TrS
Lynx lynx Mannil-Kont Estonia Temperate Broadleaf & Mixed Forest EE TBMF
Lynx lynx Odden Norway Boreal Forest + Tundra NO BF+T
Lynx lynx Sekercioglu Tiirkiye Temperate Broadleaf & Mixed Forest TR TBMF
Lynx rufus Clark United States Temperate Conifer Forest UsS TCF 1
Lynx rufus Farrell United States Temperate Broadleaf & Mixed Forest US TBMF
Lynx rufus Prugh United States Temperate Conifer Forest UsS TCF 2
Lynx rufus Ranglack United States Temperate Savanna US TeS 1
Lynx rufus Serieys.AromasHills United States Mediterranean Scrub + Temperate Conifer Forest US MS + TCF
Lynx rufus Serieys.CoyoteValley United States Mediterranean Scrub US MS
Lynx rufus Young United States Temperate Savanna UsS TeS 2
Panthera leo Abrahms Botswana Tropical Savanna BW TrS
Panthera leo Fryxell Tanzania Tropical Savanna TZ TrS
Panthera leo Patterson.BD Kenya Tropical Savanna KE TrS 1
Panthera leo Wilmers Kenya Tropical Savanna KE TrS 2
Puma concolor Clark United States Temperate Conifer Forest US TCF 1
Puma concolor Darlington Canada Temperate Conifer Forest CA TCF
Puma concolor Azevedo.Lemos Brasil Tropical Savanna + Tropical Moist Broadleaf Forest BR TrS + TMBF
Puma concolor Wilmers United States Mediterranean Scrub + Temperate Conifer Forest US MS + TCF
Puma concolor Young United States Temperate Conifer Forest US TCF 2
Vulpes vulpes Frair United States Temperate Broadleaf & Mixed Forest UsS TBMF
Vulpes vulpes Garthe Germany Temperate Broadleaf & Mixed Forest DE TBMF
Vulpes vulpes Roshier Australia Mediterranean Scrub AU MS
Vulpes vulpes Walton Sweden Temperate Broadleaf & Mixed Forest SE TBMF
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Table S4. Results from additional supplemental analyses conducted to ensure the robustness of results to changes in the
threshold for defining a ridge (14) and to other subsetting procedures beyond those discussed in the main text.

Ridge Threshold  Mean (+ 95% CI) P value of

# Tracks  Dataset Subset Analyzed of Clade Effect Clade Effect

1239 All individuals 0.1 1.22 (£0.08) p<10-8
0.5 1.15 (£0.07) p<10-3
0.9 1.13 (£0.11) p<0.03

1201 DNA-only tree 0.1 1.22 (£0.08) p<10-°
0.5 1.16 (+0.08) p<10-°
0.9 1.13 (£0.12) p<0.03

1032 Speed Included 0.1 1.18 (£0.09) p<10-3
0.5 1.13 (£0.07) p<10-3
0.9 1.12 (£0.13) p <0.05

1070 No Preprocessing 0.1 1.25 (£0.09) p<10-1°
0.5 1.17 (£0.08) p<10-3
0.9 1.13 (£0.13) p<0.05

342 Year or Longer 0.1 1.52 (+0.17) p<10-7
0.5 1.22 (£0.13) p<10-3
0.9 1.17 (£0.21) p=0.07

219 Shared Landscapes 0.1 1.42 (£0.18) p<10-8
0.5 1.33 (£0.16) p<10-3
0.9 1.24 (£0.24) p<0.03

1231 All species except ocelot (Leopardus pardalis) whose 0.5 1.14 (£0.07) p <0.0001

collars provided high resolution VHF data instead of
GPS
1089 All tracks except the ultra-high resolution tracks that 0.5 1.15 (x0.08) p <0.0001

we resampled to 1-minute intervals
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Table SS. Probability ridge length calculated for simulations from the Null Model.

AKDE Probability Ridge Length (km)

Duration 2.5 97.5
(days) Mean Percentile Percentile
32 7.9 3.9 12.0

64 6.5 3.9 9.1

128 5.6 3.4 7.8

256 4.5 3.0 6.1

512 3.7 2.4 5.1
1024 3.1 1.9 4.2

Note: The Null Model consisted of a stationary OUF stochastic Gaussian process. The expected
value for all simulations is zero because the stationary distribution of an OUF Gaussian process
will not have any probability ridges. Nonzero values of probability ridge length reflect low values
of false positives attributable to finite sampling effort.
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Table S6. Probability ridge length calculated for simulations from the Alternative Ridge
Model

AKDE Probability Ridge Length (km)

Anticipated Mean 2.5 97.5

Value Percentile Percentile

Duration 32 19.8 33.4 28.1 38.6
(days) 64 18.4 28.2 23.7 32.7
128 17.5 24.2 19.0 29.4

256 16.4 215 17.6 25.4

512 15.6 18.8 15.2 22.3

1024 15.0 16.9 13.7 20.1

Note: The Alternative Ridge Model consisted of a Gaussian stochastic process with a circular
mean path. From Figure S12, the parameters were: T, = 86400 sec, Tv = 1350 sec, 6> = 100000
m?, Days: 32, Fixes/day: 8. The movement model was defined as having a circular mean
trajectory with radius 1 km. Parametrically this is expressed in ctmm as : p= c(0, 0, 1000, 0,
1000, 0), Mean = “periodic”, Harmonic = c(1,0), Period= 86400 sec. The probability ridge length
that exists in the stationary distribution for this stochastic process can be calculated analytically
using Bessel functions. The probability ridge expected for this model is a circle with a diameter
of 945m, which yields the Anticipated Value after the corrections discussed previously. The
Mean column indicates that our method does a good job of approximating the analytical
expected value despite vagaries introduced by finite sampling effort, and that the match between
anticipated and observed values improves with increasing track duration. The 2.5 and 97.5
percentile columns indicate that when probability ridges should exist based on the existence of a
known underlying circular movement route, our methods consistently identified their existence at
levels well above zero.
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Dataset S1 (separate file). Detailed individual-level information about the canid and felid
GPS tracks evaluated (1528) and used (1239) for this analysis.

48



Dataset S2 (separate file). Detailed information regarding the original sources of animal
tracking data, the movement tracks used in this analysis (including their sources and
availability), animal care and permit authorizations, and track-specific funding
acknowledgements.
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