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Abstract

The Ecology and Conservation of Animal Movement in Changing Land- and Seascapes
by
Briana Lee Abrahms
Doctor of Philosophy in Environmental Science, Policy and Management
University of California, Berkeley

Professor Justin S. Brashares, Chair

Anthropogenic habitat fragmentation is a primary driver of species endangerment across the
globe and has compounding effects on species diversity and ecosystem function. While efforts to
enhance habitat connectivity are therefore essential to protecting biodiversity, a fundamental
behavioral and ecological understanding of animal movement is first needed to successfully
protect species movements. Understanding the role of behavior in determining animal movement
patterns is essential to conservation planning, yet the extent to which an animal’s behavioral state
(e.g. foraging, dispersing) influences its movements and resource selection has largely been
ignored as part of conservation planning efforts. Further, because empirical studies of animal
movement are most-often site- and species-specific, the processes underlying observed
movement patterns are not well understood across taxa. This dissertation seeks to elucidate the
processes that shape animal movements to advance the biological grounding of connectivity
science and inform conservation efforts.

A systematic review of connectivity studies employing resource selection analysis examined
how researchers have incorporated animal behavior into connectivity planning, and highlighted
promising approaches for identifying wildlife corridors. The review revealed that most of the
research done to date has superficially considered all animal location data as representative of
resource selection patterns, despite recognition that an animal’s behavioral state can be an
important component of space use. Those studies in the review that validated connectivity
predictions with independent movement data indicate that general patterns of resource selection
are not always a suitable proxy for movement preference during dispersal, and failure to
recognize this distinction may have important consequences for species-specific efforts to
preserve habitat connectivity.

Using high-resolution GPS and activity data from African wild dogs (Lycaon pictus), an
Endangered species highly sensitive to habitat fragmentation, resource selection and responses to
roads were measured across three behavioral states identified from activity data (hunting, resting,
and traveling). The response of wild dogs to roads varied markedly with both the behavioral and
landscape contexts in which roads were encountered, ranging between strong selection for and
avoidance of roads depending on behavioral state. A comparison of these outputs to a full model
that did not parse for behavior revealed that these patterns were not evident when all movement
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data were considered together in the full model. This study indicates that including behavioral
information in resource selection models is critical to understanding wildlife responses to
landscape features and suggests that successful application of resource selection analyses to
conservation planning requires explicit examination of the behavioral contexts in which
movement occurs.

The effects of behaviorally-mediated patterns of resource selection were then applied in a habitat
connectivity modeling context. To illustrate the importance of behavioral information in
connectivity assessments, behavior-specific predictions of connectivity were tested against long-
distance dispersal movements of African wild dogs. Findings demonstrated that including only
directed-movement behavior when measuring resource selection reveals far more accurate
patterns of habitat connectivity than a model measuring resource selection independent of
behavioral state. Results of this work suggest that connectivity studies that rely on resource
selection analysis alone may be insufficient to target movement pathways and corridors for
protection. This research highlights the value of incorporating animal behavior into connectivity
planning.

To examine how basic movement processes scale up to produce emergent patterns for multiple
species, movement data from over a dozen marine and terrestrial vertebrate species spanning
three taxonomic classes, continents and orders of magnitude in body size were compared with
computer-simulated idealized movement paths. This comparative approach revealed that similar
movement patterns and properties recur in highly dissimilar ecological systems, and showed that
a simple set of metrics can reliably classify broad-scale movement patterns such as migration,
nomadism, and territoriality in disparate taxa. This classification system can be applied to inform
predictions in multiple areas of ecological research, such as how an individual or species’
movement classification influences its response to climate change or its invasion potential in an
exotic environment. In addition, this work provides researchers with a standardized set of
movement metrics for expediently analyzing animal trajectories over time to detect any changes
in movement pattern that may be indicative of environmental change.

Taken together, the body of work presented in this dissertation provides new approaches for
researchers and practitioners to understand the ecology and conservation of animal movement,
and in particular for measuring wildlife responses to widespread habitat alteration. Given limited
conservation resources and rapidly changing environments, these contributions mark a key step
in developing effective strategies to preserve critical wildlife movement processes.



| dedicate this dissertation to Dan Perlman, for taking a chance on a physics nerd and giving me
the conservation biology bug, and to Brad and Krista Harris, for never ceasing to both support
and inspire me.



Table of Contents

ACKNOWLEDGEMENTS ..ottt sttt ne s iii
CHAPTER 1

1N o]0 o T ] N OSSPSR 1
CHAPTER 2

LESSONS FROM INTEGRATING BEHAVIOUR AND RESOURCE SELECTION:

ACTIVITY-SPECIFIC RESPONSES OF AFRICAN WILD DOGS TO ROADS ......cveieieieriesiesiessesseeseeseeens 6
CHAPTER 3

DOES WILDLIFE RESOURCE SELECTION ACCURATELY INFORM

CORRIDOR CONSERVATION? ....tutettetestesieseatesteseasessesseseesessessesessessesessessessessssessessessssessessssessensessases 23
CHAPTER 4

CLASSIFICATION OF MOVEMENT SYNDROMES ACROSS INDIVIDUALS AND SPECIES........ccccorvereae. 49
CHAPTER 5

(O] N (o I B L] (0] N KT TR T TP TP P UPP TR 72
REFERENGCES. ... .ottt e et e e et e e e sat e e e se e e e st e e e nsaeeeneeeanneeeannes 75



Acknowledgements

Sometimes I still feel stunned by my fortune to have spent my doctoral years at UC Berkeley and
to have worked in a place as exceptional as the Okavango Delta. | am deeply grateful to all the
people who helped me along this path. First and foremost, | thank my advisor Justin Brashares,
without whom none of this would be possible. Thank you, Justin, for giving me the singular
opportunity to study at Berkeley. You exposed me to a more interesting and complex world, and
your support — whether intellectual, emotional, or financial — never ceased to be generously
offered. The lab culture that you conscientiously fostered not only surrounded me with amazing
colleagues, but also gave me cherished friendships. To my labmates — thank you for always
being willing to lend sage advice or a pair of eyes, and above all for your daily friendship that
made me love coming into work each day. I’d also like to thank my Brashares lab predecessor
Sarah Sawyer for inspiring and informing my research and for her continual mentorship.

| am grateful to the members of my dissertation and qualifying committees for the many hours
they dedicated toward my education and training: Wayne Getz, Maggi Kelly, Eileen Lacey, and
Adina Merenlender. Wayne, working with you on our paper was both one of my most enjoyable
and rewarding experiences of graduate school. Your enthusiasm is infectious and inspired me to
take on questions | never would have confronted on my own. Maggi, thank you for guiding me
with steady words of encouragement throughout my qualifying exam process and for pushing me
to constantly draw connections to my study system. Adina, thank you for all the time you put in
to ensuring my education in conservation biology and connectivity science; your teaching me to
read with an eye for assumptions and caveats, and to place every piece of literature into a broader
context, was invaluable. Eileen, | so appreciated you broadening my understanding of ecology by
giving me an evolutionary perspective. Not only did | greatly value our discussions, but your
comments on my work were invariably constructive and insightful.

| feel extremely privileged to have had the opportunity to work in the beautiful Okavango Delta,
thanks to permission from the Botswana Ministry of Environment, Wildlife and Tourism and to
extensive support from the Botswana Predator Conservation Trust (BPCT). None of this would
have been possible without the support and hard work of BPCT’s Director, Tico McNutt.
Krystyna and Neil Jordan not only taught me the ways of the field, but also were wonderful
colleagues with whom to share research ideas, challenges and victories. BPCT’s many research
assistants helped immensely with data collection, with particular thanks to Dikatholo Kedikilwe.

Many thanks to the organizations that provided financial support for my education and fieldwork
in Botswana: the National Science Foundation Graduate Research Fellowship, U.S. Department
of Education Foreign Language and Area Studies Fellowship, Explorer’s Club Exploration Fund,
Wilderness Wildlife Trust, Riverbanks Zoo Conservation Support Fund, Andrew and Mary
Thompson Rocca Scholarship, and Oliver B. Lyman Wildlife Fisheries Fund.

| am grateful to my family, the Abrahmses, Abratts, Beberfalls, and Blakes, for their love and
support, and particularly to my parents for teaching me the value of education, persistence, and
hard work. I am also grateful to the Harrises, who first set me on my journey to Botswana, and
championed my pursuits back then and ever since. Finally, | am deeply grateful for my husband,
Brendan Blake: I couldn’t ask for a more supportive partner and friend to have at my side.



1. Introduction

Anthropogenic habitat fragmentation, the process of breaking apart and reducing intact habitat
through human land conversion (Fahrig 2003), is a primary driver of species endangerment
across the globe (Czech & Krausman 1997; Pimm & Raven 2000; Sala et al. 2000). Beyond the
effects of habitat loss itself, fragmentation has been shown to increase genetic isolation of
populations, interrupt dispersal routes leading to higher mortality rates, increase edge effects, and
disrupt species' abilities to shift ranges in response to long-term environmental change (Fahrig
2003).

Today, nearly one fifth of all vertebrate species are classified as Threatened (Vulnerable,
Endangered or Critically Endangered) on the International Union for Conservation of Nature
(IUCN) Red List (Hoffmann et al. 2010). For wide-ranging species with large area requirements
like large carnivores, the rate is significantly greater. Sixty one percent of extant large carnivore
species are Threatened, and 77% of these species are experiencing ongoing population declines
(Ripple et al. 2014). Habitat fragmentation, compounded with the loss of the important
regulatory role of large carnivores in ecosystems (Terborgh et al. 2001; Estes et al. 2011), have
cascading effects on species diversity and ecosystem function (Fahrig 2003; Prugh et al. 2008;
Forister et al. 2010).

Yet, evidence that conservation actions have prevented some 18% of bird and mammal species
on the IUCN Red List from further declining in status offers reason for optimism (Hoffmann et
al. 2010). Effective efforts to mitigate habitat fragmentation are essential to protecting
biodiversity, and scientific methods to enhance landscape connectivity, the degree to which a
landscape facilitates or impedes movement among habitats (Taylor et al. 1993), are consequently
burgeoning (Beier, Majka & Spencer 2008; Gilbert-Norton et al. 2010; Rudnick et al. 2012). To
successfully target these efforts for the protection of critical movement processes, a fundamental
behavioral and ecological understanding of animal movement is first needed (Sawyer, Epps &
Brashares 2011). This dissertation seeks to elucidate the internal and external processes that
shape animal movements to advance the biological grounding of connectivity science and inform
conservation efforts.

Corridor ecology: theory, approaches and limitations

The ability of animals to move through their landscapes has profound effects on their survival
and population dynamics. Landscape connectivity influences demography (Clobert et al. 2001),
promotes dispersal and colonization (Hanski 1998), maintains genetic diversity through gene
flow (Hendrick 2005), increases a species’ ability to respond to environmental change (Heller &
Zavaleta 2009), and supports long term persistence of populations (Swingland & Greenwood
1983). Thus, a great deal of attention within the ecological and conservation literature is
increasingly given to understanding and predicting animal movement processes and patterns
(Nathan et al. 2008).

Wildlife corridors are an important conservation tool for protecting animal movement and

promoting landscape connectivity (Gilbert-Norton et al. 2010). Corridors, defined as a linear
habitat connecting two or more larger habitat patches within a non-habitat matrix (Beier and
Noss 1998), have been shown to facilitate movement between habitat patches (Haddad et al.
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2003; Gilbert-Norton et al. 2010) and reduce individual mortality during dispersal (Kenneth
Dodd, Barichivich & Smith 2004; Glista, DeVault & DeWoody 2009). At a population and
meta-population scale, corridors can theoretically reduce genetic isolation and local extinction
and allow immigration to new habitat patches if currently occupied habitat becomes unsuitable
(Caro, Jones, and Davenport 2009).

A requisite first step in protecting corridors for movement is the identification of areas on the
landscape where movement between habitat areas is most likely to occur. Resistance surface
modeling is the leading analytical technique for predicting animal movements across broad
spatial scales to inform corridor planning (Sawyer, Epps & Brashares 2011; Zeller, McGarigal &
Whiteley 2012). Resistance surface models assign a value in a landscape grid cell to each
environmental variable of interest (e.g. elevation, land cover) that represents the energetic or
survival cost to the study species of moving through that spatial position (Adriaensen et al.
2003), or the willingness of the individual to cross the cell (Zeller, McGarigal & Whiteley 2012).
Low cost (or resistance) values indicate a suitable habitat type while high values indicate less
suitable habitat or habitat which impedes movement, for example rivers, roads, or urban areas.
Corridors intended for protecting dispersal movements among habitat areas, for instance, may
then be identified by evaluating paths of least resistance over the cost surface (Adriaensen et al.
2003; McRae et al. 2008).

While resistance surface modeling provides a strong analytical framework for evaluating
landscape connectivity and predicting movement pathways, it has a number of limitations that
necessitate further research to improve its efficacy. First, because resistance surface modeling
typically uses the inverse of habitat suitability as a proxy for cost, it runs the risk of
misappropriating movement preferences by treating all behaviors as equal (Zeller et al. 2012).
Just as humans don’t drive over houses nor sleep on highways, animals may not select the same
habitat they would for dispersal as they would for denning or any other behavior. In fact, there is
increasing recognition that an animal’s behavioral state (e.g. resource use vs. dispersing) can
strongly mediate its patterns of resource selection (Wilson, Gilbert-Norton & Gese 2012; Roever
et al. 2013; Abrahms et al. 2016). Thus, the degree to which connectivity predictions are
sensitive to behavior-specific estimates of resource selection must be better understood.

Second, little direct evaluation exists of how well resistance surface models predict actual animal
movement paths (Driezen et al. 2007). Empirical evidence is lacking on how assigned resistance
values correlate with on-the-ground species’ movements (Beier and Noss 1998; Sawyer, Epps,
and Brashares 2011). Not only is there no consensus as to which analytical approaches yield the
most accurate resistance values, but there is little exploration of the sensitivity of model output to
the chosen methodology (Zeller et al. 2012). These limitations are highly problematic, as
managers may base land use and acquisition decisions on inaccurate and/or unevaluated models
(Simberloff et al. 1992).

With the advancement of GPS collar technology that includes kinematics data and allows for the
collection of movement data at unprecedented scales, there is great opportunity for better
understanding the role of behavior in shaping animal movements, determining the efficacy of
connectivity models, and evaluating movement as an indicator of environmental change.



Study system

African wild dogs (Lycaon pictus) serve as the focal species for the greater part of my
dissertation uses. African wild dog GPS movement data was collected in the Okavango Delta
region of northern Botswana.

Okavango Delta, Botswana

The Okavango Delta in north-western Botswana is a World Heritage Site and boasts one of most
diverse assemblages of large carnivores in the world (Ripple et al. 2014). It supports populations
of cheetahs (Acinonyx jubatus), spotted hyenas (Crocuta crocuta), brown hyenas (Hyaena
brunnea), leopards (Panthera pardus), lions (Panthera leo), and one of the world’s largest
African wild dog populations (c. 500 individuals) (Woodroffe, McNutt & Mills 2004). The
Delta’s highly productive environment also supports some of the highest herbivore densities seen
across Africa, including African buffalo (Syncerus caffer), African elephants (Loxodonta
africana), impala (Aepyceros melampus), wildebeest (Connochaetes taurinus), and zebra (Equus
burchelli) (Ramberg et al. 2006).

My study site was located just east of the Delta’s main floodwaters (c. 2600 km?; 19°31°S,
23°37’E; elevation: ¢. 950 m) and was bordered to the west and northwest by the Delta’s
permanent swamp, including a portion of the Moremi Game Reserve. This area is part of the
greater Kavango-Zambezi Transfrontier Conservation Area (KAZA-TFCA), which was recently
instituted to re-establish ecological connectivity in southern Africa. The KAZA-TFCA
encompasses a network of reserves and corridors across Botswana, Zimbabwe, Namibia,
Zambia, and Angola, including Moremi Game Reserve. Adjacent to Moremi Game Reserve are
designated Wildlife Management Areas in which photographic and trophy hunting tourism are
the only human activities permitted. The Okavango Delta’s rich wildlife communities attract
over two million tourists annually, and, between 1995 and 2005, tourism in Botswana grew
nearly 15%, leading to the threat of rapid development for tourism infrastructure (Harrison &
Maharaj 2013; Tourism Statistics Annual Report 2015).

African wild dogs: natural history and population trends

The African wild dog, otherwise known as the African hunting dog or African painted dog, is
among the most iconic species of sub-Saharan Africa. African wild dogs are known for their
unique social hierarchy and cooperative behavior, which are rare among mammals, living and
breeding in hierarchical social groups called packs (Creel & Creel 2002). Packs range in size
from 2-27 individuals and increasing pack size has been to shown to contribute to additive
hunting and reproductive success (Creel & Creel 2015; Hubel et al. 2016). Their main prey
species vary by region and include impala, kudu (Tragelaphus strepsiceros), Thomson's gazelle
(Eudorcas thomsonii), wildebeest, and steenbok (Raphicerus campestris) (Creel & Creel 2002).
Breeding among African wild dogs is typically restricted to the dominant male and female of the
pack and occurs once annually. Because they are obligate cooperate breeders, African wild dogs
are vulnerable to inverse density dependence at low densities (i.e. the ‘Allee effect’), whereby
the probability of pack survival dramatically decreases below a pack size threshold (Courchamp,
Clutton-Brock & Grenfell 1999; 2000). Dispersal occurs when individuals of either sex reach
maturity typically between the ages of two and three years, and functionally serves to avoid
inbreeding by emigrating to a new breeding range (McNutt 1996).
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Along with the Ethiopian wolf (Canis simensis), the African wild dog is considered one of the
top two most endangered carnivore species of Africa, and is listed as Endangered on the IUCN
Red List (Woodroffe & Sillero-Zubiri 2013). The species currently occupies 12% of its historical
range, with fewer than 1,500 mature adults estimated remaining in the population (Woodroffe &
Sillero-Zubiri 2013). Anthropogenic habitat fragmentation is consistently identified as its
principal threat (Creel & Creel 1998; Woodroffe & Sillero-Zubiri 2013; van der Meer et al.
2013). African wild dogs have among the largest space requirements of large carnivores, which
is attributed to avoidance of competitively dominant sympatric predators (lions and hyenas)
(Creel & Creel 1996). In northern Botswana, African wild dog home range sizes are estimated at
a mean of 739 km?and have been observed to be as large as 1,608 km?, making them highly
vulnerable to reduction and fragmentation of suitable habitat (Pomilia, McNutt & Jordan 2015).
Habitat fragmentation increases direct mortality of African wild dogs from human-wildlife
conflict and disease transmission from domestic animals, and increases barriers to movement for
long-distance disperses, thereby increasing the genetic isolation of wild dog populations and risk
of inbreeding depression (Woodroffe 2011). Indeed, strong genetic structuring recently shown
among nine wild dog subpopulations, indicating the loss of gene flow, reveals the genetic
signature of extensive habitat fragmentation across sub-Saharan Africa (Marsden et al. 2012).
Consequently, the IUCN has identified “determining the landscape features which facilitate (or
prevent), wild dog movement over long distances and hence promote (or block) landscape
connectivity” among its top five scientific needs (Woodroffe & Sillero-Zubiri 2013).

Because African wild dogs are highly wide-ranging, sensitive to habitat fragmentation, and are
of immediate conservation concern, they provide an ideal focal species for examining the
behavioral and environmental influences on movement and dispersal and identifying methods to
protect these processes.

Overview of Dissertation

In the second chapter, | investigate the role of behavior in determining responses of African wild
dogs to one of the most widespread forms of landscape alteration globally: road systems.
Understanding how anthropogenic features affect species’ abilities to move within landscapes is
essential to conservation planning and requires accurate assessment of resource selection for
movement by focal species. Yet, the extent to which an individual’s behavioral state influences
resource selection has largely been ignored. I collected high resolution GPS and activity data
from 13 wild dogs over a two-year period. | employed a step selection framework to measure
resource selection across three behavioral states identified from activity data (high-speed
running, resting, and traveling) and across a gradient of habitats and seasons, and compared these
outputs to a full model that did not parse for behavior. The response of wild dogs to roads varied
markedly with both the behavioral and landscape contexts in which roads were encountered.
Specifically, wild dogs selected roads when traveling, ignored roads when high-speed running,
and avoided roads when resting. This distinction was not evident when all movement data were
considered together in the full model. When traveling, selection of roads increased in denser
vegetative environments, suggesting that roads may enhance movement for this species. These
findings indicate that including behavioral information in resource selection models is critical to
understanding wildlife responses to landscape features and suggest that successful application of
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resource selection analyses to conservation planning requires explicit examination of the
behavioral contexts in which movement occurs. Thus, behavior-specific step selection functions
offer a powerful tool for identifying resource selection patterns for animal behaviors of
conservation significance.

In the third chapter, I review current connectivity literature and use an empirical case study on
African wild dogs to demonstrate that including only directed-movement behavior when
measuring resource selection reveals markedly different, and more accurate, patterns of
landscape connectivity than a model measuring resource selection independent of behavioral
state. | reviewed sixteen years of connectivity studies employing resource selection analysis to
evaluate how researchers have incorporated animal behavior into corridor planning, and
highlight promising new approaches for identifying wildlife corridors. This review indicated that
most connectivity studies conflate resource selection with connectivity requirements, which may
result in misleading estimates of landscape resistance, and lack validation of proposed
connectivity models with movement data. To illustrate the importance of behavioral information
in such analyses, | presented an empirical case study to test behavior-specific predictions of
connectivity with long-distance dispersal movements of African wild dogs. Results of this work
suggest that resource selection analyses that fail to consider an animal’s behavioral state may be
insufficient in targeting movement pathways and corridors for protection. This study highlights
the crucial importance of incorporating behavioral information into connectivity planning.

In the fourth chapter, I move beyond a single species analysis to investigate whether broad-scale
movement patterns can be characterized across diverse taxa and environments, and develop a
system of measures for how the study of movement can be used as an indicator of environmental
change. Because empirical studies of animal movement are most-often site- and species-specific,
ecologists lack a generalized understanding of the mechanisms underlying broad movement
patterns. By combining movement data from 13 marine and terrestrial species spanning three
taxonomic classes, continents and orders of magnitude in body size with computer-simulated
idealized movement paths, | examine how fundamental movement metrics scale up to predict
emergent movement patterns across multiple taxa. | introduce a classification scheme for
movement syndromes, which are suites of correlated movement traits seen across taxa (e.g.
migration, nomadism), and show that a simple set of metrics can reliably classify movement
syndromes across highly disparate vertebrate taxa. This movement syndrome classification
scheme provides a general framework for linking movement patterns to movement process, and
facilitates new understanding of relationships between movement and environmental factors such
as landscape configuration and climate. In the final chapter, | discuss key conclusions from this
body of work and provide recommendations for future areas of research.



2. Lessons from integrating behaviour and resource selection:
activity-specific responses of African wild dogs to roads

This paper has been previously published and is reproduced here with kind permission from
John Wiley and Sons (License Number 3881031447205)

Abrahms, B., Jordan, N.R., Golabek, K.A., McNutt, J.W., Wilson, A.M., and Brashares, J.S.
2016. Lessons from integrating behaviour and resource selection: activity-specific responses of
African wild dogs to roads. Animal Conservation, 19: 247-255.

Abstract

Understanding how anthropogenic features affect species’ abilities to move within landscapes is
essential to conservation planning and requires accurate assessment of resource selection for
movement by focal species. Yet, the extent to which an individual’s behavioural state (e.g.
foraging, resting, commuting) influences resource selection has largely been ignored. Recent
advances in GPS tracking technology can fill this gap by associating distinct behavioural states
with location data. We investigated the role of behaviour in determining responses of an
endangered species of carnivore, the African wild dog (Lycaon pictus), to one of the most
widespread forms of landscape alteration globally: road systems. We collected high resolution
GPS and activity data from 13 wild dogs in northern Botswana over a two-year period. We
employed a step selection framework to measure resource selection across three behavioural
states identified from activity data (high-speed running, resting, and traveling) and across a
gradient of habitats and seasons, and compared these outputs to a full model that did not parse
for behaviour. The response of wild dogs to roads varied markedly with both the behavioural and
landscape contexts in which roads were encountered. Specifically, wild dogs selected roads when
traveling, ignored roads when high-speed running, and avoided roads when resting. This
distinction was not evident when all movement data were considered together in the full model.
When traveling, selection of roads increased in denser vegetative environments, suggesting that
roads may enhance movement for this species. Our findings indicate that including behavioural
information in resource selection models is critical to understanding wildlife responses to
landscape features and suggest that successful application of resource selection analyses to
conservation planning requires explicit examination of the behavioural contexts in which
movement occurs. Thus, behaviour-specific step selection functions offer a powerful tool for
identifying resource selection patterns for animal behaviours of conservation significance.

Keywords

resource selection, animal behaviour, linear features, movement ecology, step selection
functions, conservation planning, landscape permeability, Lycaon pictus



Introduction

Understanding animal movement is essential to effective in-situ conservation planning. An
animal’s ability to move through its landscape has fundamental consequences for both individual
fitness (e.g. resource acquisition, survival) and long-term population persistence (e.g. dispersal,
gene flow; Swingland & Greenwood 1983; Dingle 1996; Hanski 1999; Clobert et al. 2001).
Management efforts aimed at preserving landscape connectivity have thus skyrocketed, and the
effect of natural and human-built landscape features on animal movement and resource selection
has become a central issue in ecology and conservation (Turner 1989; Nathan et al. 2008). In
particular, conservation planners use estimates of resource selection to identify important habitat
for wildlife populations, assess how wildlife responds to specific landscape features, and
delineate wildlife corridors where animal movement is predicted to occur (Manly et al. 2002;
Chetkiewicz & Boyce 2009).

The extent to which an animal’s behavioural state (e.g. foraging, resting, commuting) influences
resource selection has largely been ignored as part of these conservation planning efforts
(Wilson, Gilbert-Norton & Gese 2012). Behavioural state has been shown to be an important
component of habitat selection and space use in multiple taxa including elk (Cervus elaphus)
(Fryxell et al. 2008), killer whales (Orcinas orca) (Ashe, Noren & Williams 2010), Bluefin tuna
(Thunnus maccoyii) (Pedersen et al. 2011), lions (Panthera leo) (Elliot et al. 2014) and elephants
(Loxodonta africana) (Roever et al. 2013).While both behavioural patterns and habitat use vary
substantially among these species, these studies are similar in demonstrating that behaviour is an
important determinant of how animals use their landscape. Thus, appropriate land management
decisions rely on correctly identifying patterns of resource selection for the specific behaviours
that are of conservation interest.

Recent advances in GPS tracking and mapping technology promise to improve efforts to link
behavioural traits and patterns of habitat use, thereby providing conservation practitioners with a
greater understanding of animal space use (Nams 2014). Animal-attached accelerometers in
particular are being increasingly used to collect high-resolution activity data that can be paired
with GPS locations (Brown et al. 2013). This collar technology allows not only precise
quantification of resource selection, but also assessment of the behavioural contexts in which
landscape features are selected for or avoided. Here, we demonstrate the importance of
combining location and activity data to determine the role of behavioural state in resource
selection and response to human habitat modification. Specifically, we investigate how
behavioural state affects responses of African wild dogs (Lycaon pictus; Fig. 1) to one of the
most widespread forms of landscape alteration globally: road systems (Bennett 1991; Trombulak
& Frissell 2013). Roads have been shown to impede movement and dispersal by small-bodied
species, particularly in areas with high human traffic (e.g., Fahrig et al. 1995; Shepard et al.
2008; Benitez-Lopez, Alkemade & Verweij 2010). In contrast, a growing body of literature
suggests that larger and more vagile species such as carnivores may use low traffic volume roads
as movement corridors; roads may therefore increase the permeability of the encompassing
landscape for these species (Latham et al. 2011; Whittington et al. 2011). Because of their
vagility and sensitivity to human disturbance (Creel & Creel 1998), African wild dogs offer a
particularly appropriate system for exploring behavioural variation in responses to road



networks. Given that road construction is accelerating throughout Africa, including in areas
critical to the remaining African wild dog populations, detailed understanding of interactions
between road networks and African wild dog behaviour is necessary for effective management of
this endangered species.

To determine if resource selection patterns by African wild dogs vary with behavioural state, we
evaluated fine-scale individual responses to roads using step selection functions. This approach
is ideal for estimating resource selection for continuous movement data as it accounts for
changes in resource availability as the animal moves through its environment (Fortin et al. 2005;
Thurfijell, Ciuti & Boyce 2014). We modeled resource selection across three behavioural states
(high-speed running, resting, and traveling) measured across multiple habitats and seasons to test
the hypothesis that roads increase landscape permeability for African wild dogs. In addition to
providing the first behaviourally explicit analysis of movements by African wild dogs, our
analyses demonstrate the importance of including behavioural information in conservation-
planning efforts.

Materials and Methods

Study Area

Our study area (Fig. 1) was located in northern Botswana’s Okavango Delta (c. 2700 km?;
centered at 19°31°S, 23°37’E; elevation ¢. 950 m) and included the southeastern portion of
Moremi Game Reserve and surrounding Wildlife Management Areas. The region is
characterized by highly seasonal fluctuations in precipitation, which correlate with vegetative
growth. The dry season extends from April to October, peaking September-November (hereafter,
peak dry season). The wet season extends from November to March with annual rainfall of 300-
600 mm (McNutt 1996), peaking January-March (peak wet season). At our study site, the peak
of the Delta’s annual flood pulse typically occurs between August and September, which
coincides with the wild dog denning season June-August (flood/denning season). Five major
habitat types can be distinguished based on vegetation composition and structure: swamp (open
structure), grassland (open structure), mixed woodland (medium structure), mopane (medium-
dense structure), and riparian (dense structure). Broekhuis et al. (2013) provide detailed
descriptions of these habitats and the methods used to distinguish them. An extensive and
growing network of unpaved (sand) roads in this area (Fig. 2) is used primarily to support
ecotourism.

Data Collection

Between November 2011 and 2013, we fitted thirteen adults from six wild dog packs with
custom-designed GPS radiocollars (mean fixes per collar = 22350 + 18676; Table S1). Each
collar included a GPS unit and an Inertial Measurement Unit (IMU) consisting of a three-axis
accelerometer and gyroscope to record position, velocity, and acceleration data. The GPS units
within the collars were programmed to move between different operating states depending on the
measured activity status of the animal. For all collars, the default state (‘resting’) took hourly
fixes when the animal was stationary but transitioned into a ‘traveling’ state with five-minute
fixes when activity data indicated that the animal was moving consistently. In addition, 10
collars included a ‘running’ state of five fixes per second, or 5-Hz intervals, triggered by
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acceleration equivalent to galloping (38.2 m/s?). Field validation has shown that the number of
runs recorded by the collars agree with reported data on average chases of prey per individual per
day (Wilson et al. 2013). Wilson et al. (2013) provide additional information regarding the
specifications of the collar design.

Movement Analyses

We chose roads as our focal landscape feature for evaluating patterns of resource selection since
roads are a ubiquitous form of human landscape alteration and have been shown to influence
animal movement patterns (e.g., Whittington, St. Clair & Mercer 2005; Shepard et al. 2008). To
determine if responses to roads by African wild dogs vary with behavioural state, we employed a
case-control design using step selection functions (SSFs; Fortin et al. 2005). SSFs use
conditional logistic regression to estimate the relative probability of selecting a step by
comparing the attributes of observed steps with those in a set of random control steps. When
analyzing GPS-derived data, a step is typically measured as the straight line segment between
two consecutive fix locations, and is described by its step length and turn angle (Turchin 1998).
Following Forester et al. (2009), we generated five control steps for each observed step by
sampling random step lengths from an exponential distribution and random turn angles from a
uniform distribution from 0 to 2. We chose to create only five control steps per observed step
since a low number of control steps has been shown to have no effect on coefficient estimation
for large datasets (Thurfjell et al. 2014). The binary response variable of our step selection model
was used (1) and control (0) locations, with predictor variables being step length, turn angle, and
distance to nearest road, measured continuously. We checked these predictor variables for
collinearity using pairwise Pearson correlation coefficients with a correlation threshold of |r| >
0.6 (Latham et al. 2011); based on this threshold, no variables were discarded.

We estimated a SSF for all movement data without parsing by behaviour (‘combined model’),
and then estimated separate SSFs for each of the three behavioural states. Since SSFs rely on
constant telemetry fix rates, for the combined model we matched the 5-minute fix intervals for
traveling by interpolating the hourly resting data, during which the animal was stationary, and
subsampling the 5 Hz running data. We conducted a sensitivity analysis to ensure post-hoc
modification of fix rates did not affect parameter estimation; we found no significant difference
between estimates for the resting and running data at the modified fix rates. For models
partitioned by behaviour, we subsampled the running data to 1 Hz and did not alter the fix rates
of the resting or traveling data. To consider the potential role of lack of independence between
individuals occurring within the same pack, we repeated this and the following analyses with
only one individual from each pack. The results of this more conservative approach were
consistent with those presented in this paper (Table S2, Fig. S1 and S2).

To explore effects of roads on landscape permeability when traveling, we included a distance-to-
road by habitat type interaction term in the traveling model; data on habitat type were derived
from a GIS layer of the five habitat classes (Broekhuis et al. 2013). We performed a Fourier
Transform for the traveling data and included an interaction between distance to road and the
sine- and cosine-transformations of day of year to examine changes in selection over season
(Priestley 1981). Finally, we calculated movement speed as displacement divided by time and
turn angle as the change in direction of heading for each step in the traveling dataset. We used a
linear model to test for relationships between average speed or turn angle as response variables
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and a binary on-road/off-road predictor variable. To look at variation in these relationships over
season, we created separate models with data from the peak wet, flood/denning, and peak dry
seasons. All statistical analyses were performed using R 3.1.0 (R Core Team 2014). Conditional
logistic regression was performed with R package survival and p-values for coefficient estimates
were calculated with Wald tests (Therneau 2014).

Results

Behaviourally-mediated variation in responses to roads

There were no effects of roads on step selection in a full model (“combined”) that included the
entire GPS dataset and all behavioural categories (p = 0.54; Table 1). However, when locations
were partitioned by behavioural state and run in separate models, we found that patterns of road
use varied markedly among the focal behaviours. African wild dogs selected for roads when
traveling (p<0.01) but selected locations far from roads when resting (p=0.015). No effect of
roads was evident for high-speed running (p = 0.55). The positive and negative effects of roads
on step selection for these behavioural categories explain the absence of a road effect in the
combined model.

Movement responses to roads across space and time

When an interaction term between distance-to-road and habitat type was included in the model
for traveling, we found significant road selection across all habitat types (p < 0.01; Fig. 3).
However, the magnitude of the selection coefficient, corresponding to the degree to which roads
were selected for, varied greatly among habitats. Road selection was lowest in open habitat types
(swamp, |B| = 1.05e-04; grassland, |p| = 1.4e-04), and increased with increasing habitat density
(woodland, |B| = 1.95e-04; mopane, |B| = 2.56e-04), although road selection was only moderate in
the densest habitat category, riparian (|8| = 1.65e-04). Results from the Fourier Transform
showed similar significant variation in road selection over time (Fig. 4). Road selection was
strongest during the peak wet season, January-March (min 3 = -2.6 e-04), and weakest during the
peak dry season, September-November (max = 2.18e-05). A second peak in road selection
occurred in June-August (min = -1.04e-04), which corresponds with the flood/denning season.

Movement statistics of road travel

In our traveling data set, comparisons of the distribution of turn angles for observed steps on
roads versus observed steps off roads revealed that movement steps on roads had a greater
proportion of small or zero magnitude turn angles (Fig. 5). Our linear model showed that turn
angles were 25% smaller on roads (intercept = 1.00, slope = -0.25, p < 0.01). Average speeds
calculated from the traveling dataset were higher on roads than off-road across all seasons (Fig.
4). Average off-road travel speeds were 27% less than on-road speeds in the peak wet season
(0.81 vs. 1.03 m/s, SE=0.01, p<0.01), 50% less in the flood season (1.02 vs. 1.53 m/s, SE=0.006,
p<0.01), and 23% less in the peak dry season (0.72 vs. 0.17 m/s, SE = 0.006, p=0.04).
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Discussion

Behaviour-specific patterns of resource selection

Conservation and development planning require a comprehensive understanding of how
anthropogenic landscape features affect resource selection and landscape connectivity. Our
results emphasize the importance of explicitly considering the behavioural, landscape, and
climatic contexts in which the landscape features under study are encountered by the study
species. Importantly, we show that failure to consider these factors yields notably different and
potentially misleading outcomes compared to models that incorporate behaviour. Specifically,
while African wild dogs selected for roads when traveling, they avoided roads when resting. This
distinction was not evident when all movement data were considered together, thus illustrating
the need to consider the specific behavioural context in which movement is measured in order to
understand fully how anthropogenic features affect wildlife. In our case, separating patterns of
resource selection by behavioural state was required to determine roads effects on landscape
permeability for African wild dogs.

Road effects on landscape permeability

Understanding the effects of landscape features such as roads on the energetic or survival cost of
animal movement is critical for accurately assessing connectivity and for protecting linkages for
wildlife movement (Rudnick et al. 2012; Cozzi et al. 2013). Yet, despite the global ubiquity of
roads, little research has described their impacts on fine-scale behavioural responses of wide-
ranging species. While roads increase landscape resistance for many species, our findings
indicate that unpaved roads can significantly enhance landscape permeability for a large
carnivore of conservation concern. Our finding that African wild dogs selected for movement on
roads when traveling is consistent with previous studies on large carnivore use of anthropogenic
linear features (Dickson, Jenness & Beier 2005; Whittington et al. 2005); our use of high
resolution spatial data partitioned by behavioural state provided a novel opportunity to link road
use to enhancement of landscape permeability.

Results of two analyses supported our hypothesis that roads increase landscape permeability for
African wild dogs when traveling. First, African wild dogs selected roads more strongly in
habitat types with high vegetation density, suggesting that roads are more preferred for
movement as the vegetation surrounding them becomes less permeable (Fig. 3). One exception
to this trend occurred in riparian habitat, where road selection was lower than in either mixed
woodland or mopane forest habitats. While riparian habitat was the most densely vegetated, the
riverbanks and ground cover immediately abutting riparian areas was more open and may have
served as movement corridors, a pattern that has been demonstrated for other large carnivore
species (Hilty & Merenlender 2004; Dickson et al. 2005). Second, road selection tracked
seasonal changes in vegetation, peaking during the peak wet season when vegetative growth is
highest, and dropping during the peak dry season when ground cover is relatively sparse (Fig. 4).
A second peak in road selection occurred during the Delta flood pulse, which coincides with the
denning season for African wild dogs. This peak in road selection may reflect the benefits of
efficient travel to and from den sites. Topographically, the study area is extremely flat, with no
correlation between road locations and elevation; as a result, we found no evidence that road
selection during the wet or flooding seasons is an artifact of animals simply selecting higher
ground to avoid flooded areas. A potential alternative hypothesis for road use is that prey species
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of African wild dogs use roads for travel or foraging and the dogs simply followed their prey.
However, our results do not support this explanation as road selection was greatest in mopane
habitat, which is the habitat type most strongly avoided by their primary prey species, impala
(Aepyceros melampus; Bonyongo 2005), and this hypothesis does not explain the seasonal
variation in road use exhibited by African wild dogs.

Roads also significantly influenced the turn angle and speed parameters of African wild dog
movement, which may result in energetic benefits. Smaller turn angles (Fig. 5) and greater travel
speeds may reflect reduced energetic costs of traveling on this type of open surface. These
tendencies were most pronounced during the denning season, a finding that is consistent with
work by Zimmermann et al. (2014), who reported that breeding wolves traveled faster than non-
breeding wolves, especially on roads. Increased travel speeds during the denning season might
be explained by two contributing factors: den site habitat characteristics and the nature of central
place foraging. Wild dogs frequently choose den sites in relatively prey-poor habitat which has
been attributed to comparatively low predator densities (Meer et al. 2013). Commuting relatively
long distances through less prey-productive habitats could contribute to direct steady, and
therefore faster, travel until reaching comparatively high prey density hunting areas. Secondly,
the return trip to provision pups during the denning season represents a direct and purpose-driven
commute from wherever they are to a known destination (i.e., central place). Elimination of the
need to maintain cohesion as a social group while traveling (because the common destination is
predetermined), as well as the relatively direct return trip commute, would contribute to
increased average travel speeds during this period.

In addition to increasing landscape permeability, road use may have other behavioural
advantages. One potential advantage of road use is demarcation of pack territories, as has been
proposed for wolves (Zimmermann et al. 2014). African wild dogs regularly use roads as scent-
marking sites since roads may act as transmission corridors for olfactory information (Parker
2010). Roads may also confer benefits for hunting behaviour. For example, roads may increase
the line-of-sight to prey for African wild dogs (Latham et al. 2011). Indeed, Whittington and
colleagues (2011) showed that encounter rates between wolves and caribou increased near linear
features such as roads. Finally, while roads may increase the probability of encounters with other
carnivore species (e.g., lions), road use may reduce the risk of potentially detrimental outcomes
due to increased visibility along roads; this potential consequence of road use by traveling
African wild dogs will be investigated as part of future studies of the movement patterns of this
species.

These results suggest that unpaved roads do not reduce, and may in fact enhance, landscape
permeability for African wild dogs in wildlife areas of northern Botswana. This can and should
be incorporated into landscape-level connectivity assessments for this species, though managers
must be careful to align conservation action with the specific behaviour of conservation concern.
For example, our results indicate that preservation of suitable habitat for African wild dog rest
sites would be markedly different to that for movement pathways. Future research should explore
the potential negative impacts of roads on other behaviours such as denning (Meer et al. 2013),
and the direct impact of vehicle strikes or other effects of human presence in human-dominated
areas (Woodroffe et al. 2007).
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Conclusions

Our findings emphasize the importance of considering the behavioural contexts in which animal
movements occur when attempting to assess habitat preferences and responses to landscape
features (Beyer et al. 2010; Wilson et al. 2012). Resource selection analyses are commonly used
to inform landscape resistance surfaces in order to identify wildlife corridors (Chetkiewicz &
Boyce 2009; Zeller, McGarigal & Whiteley 2012). We assert that conservation biologists should
limit application of these data to localities identified when members of the target species are in
an appropriate behavioural state; failure to do so risks misidentification of movement corridors
(Elliot et al. 2014). While behaviour has been used to inform recommendations for conservation
planning in marine systems (Ashe et al. 2010), it has yet to be similarly incorporated into land
management for terrestrial species, particularly for the preservation of functional landscape
connectivity. The use of behaviour-specific step selection functions as implemented here
provides a powerful tool for analyzing fine-scale resource selection as part of efforts to conserve
habitats critical to endangered wildlife.
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Table 1. Summary of step selection coefficients for “distance to road” by collar-derived
behaviour categories (n = 13 individuals). Negative beta values indicate increasing “distance to
road” has a negative effect on step selection, therefore negative values correspond to selection
for locations nearer roads (road selection); positive values indicate selection for locations farther
from roads (road avoidance). All beta and standard error values are multiplied by 10, P-values

were calculated from Wald tests.

Behaviour

# observed steps P SE )2
Combined 82840 -0.16 0.26 0.54
Traveling 70550 -1.47 0.20 <0.01*
Running 5934 -1.63 2.70 0.55
Resting 6356 3.23 0.13 0.015*
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Figure 1. Map of study area (c. 2700 km?; centered at 19°31°S, 23°37’E) and major vegetation
types.
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Figure 2. A pack of African wild dogs (Lycaon pictus) on a typical sand road in the study area
located in northern Botswana’s Okavango Delta region.
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Figure 3. The strength of road selection as a function of habitat type for African wild dogs
moving consistently (“traveling”, n = 70550 steps). Selection coefficients were calculated with
step selection functions; larger values indicate stronger road selection. Habitats are listed in
increasing order of vegetation density from left: swamp (open structure), grassland (open
structure), mixed woodland (medium structure), mopane forest (medium-dense structure), and
riparian (dense structure). With the exception of riparian habitat (see Discussion), the strength of
road selection increases in denser habitat types.
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Figure 4. Variation in road selection over time of year (black line) when African wild dogs were
moving consistently (“traveling”, n = 70550 steps) and corresponding travel speeds averaged
within each season (light grey bars = average off-road travel speed; dark grey bars = average on-
road travel speed). Negative step selection coefficients correspond to selection for locations
nearer roads (road selection); positive values indicate selection for locations farther from roads
(road avoidance). Three distinct climatic seasons are highlighted: peak wet, peak flood, and peak
dry seasons.
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Figure 5. Probability density of turn angles for steps on roads and off roads when African wild
dogs were moving consistently (“traveling”, n = 70550 steps). The dotted line highlights the 50%
probability density for comparison between plots. Turn angles were measured as the change in
bearing from the previous step.
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Supplementary Material

Table S1. Pack identities and data collected per collared individual.

Individual Gender Pack ID Study Period # GPS locations
Accra* F KB Apr.-Sep. 2012 64,192
Timbuktu F KB Apr.-Sep. 2012 38,366
Scorpion M KB Apr. 2012-Oct. 2013 50,411
Kobe M KB Apr.-July 2012 24,852
Gomer* M HW Nov. 2011-Nov. 2012 23,023
Bongwe M HW Apr.-Dec. 2012 17,378
Bobedi F HW Nov. 2011-July 2012 20,676
Yolo* M MT Nov. 2011-2012 21,131
Stetson M MT Nov. 2011-Apr. 2012 8,906
Brian M MT Apr.-July 2012 5,604
Dar* F CT Apr.-Aug. 2012 1,447
Kubu* F MK Apr.-Oct. 2012 8,587
Jesus* M SA Mar.-July 2012 5,983

* Individuals included in the more conservative analyses excluding multiple individuals from the
same pack.

Table S2. Summary of step selection coefficients for distance to road by collar-derived
behaviour categories excluding multiple individuals from the same pack (n = 6 individuals).
Negative beta values correspond to selection for locations nearer roads (road selection); positive
values indicate selection for locations farther from roads (road avoidance). All beta and standard
error values are multiplied by 10, P-values were calculated from Wald tests.

Behaviour # observed steps SE p
Combined 29326 -0.47 0.55 0.461
Traveling 25601 -2.18 0.27 <0.01*
Running 1794 -11.7 8.1 0.151
Resting 3168 2.96 1.64 0.07
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Figure S1. The strength of road selection as a function of habitat type for African wild dogs
moving consistently, excluding multiple individuals from the same pack (“traveling”; n = 6
individuals, 25601 steps). Selection coefficients were calculated with step selection functions;
larger values indicate stronger road selection. Habitats are listed in increasing order of vegetation
density from left: swamp (open structure), grassland (open structure), mixed woodland (medium
structure), mopane forest (medium-dense structure), and riparian (dense structure). With the
exception of riparian habitat (see Discussion), the strength of road selection increases in denser
habitat types.
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Figure S2. Variation in road selection over time of year (black line) when African wild dogs
were moving consistently, excluding multiple individuals from the same pack (“traveling”; n = 6
individuals, 25601 steps), and corresponding travel speeds averaged within each season (light
grey bars = average off-road travel speed; dark grey bars = average on-road travel speed).
Negative step selection coefficients correspond to selection for locations nearer roads (road
selection); positive values indicate selection for locations farther from roads (road avoidance).
Three distinct climatic seasons are highlighted: peak wet, peak flood, and peak dry seasons.
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3. Does wildlife resource selection accurately inform corridor
conservation?

This paper has been previously published and is reproduced here with kind permission from
John Wiley and Sons (License Number 3902031072945)

Abrahms, B., Sawyer, S.C., Jordan, N.R., McNutt, J.W., Wilson, A.M., and Brashares, J.S. Does
wildlife resource selection accurately inform corridor conservation? 2016. Journal of Applied
Ecology, doi: 10.1111/1365-2664.12714.

Abstract

1. Evaluating landscape connectivity and identifying and protecting corridors for animal
movement have become central challenges in applied ecology and conservation. Currently,
resource selection analyses are widely used to focus corridor planning where animal
movement is predicted to occur. An animal’s behavioural state (e.g. foraging, dispersing) is a
significant determinant of resource selection patterns, yet has largely been ignored in
connectivity assessments.

2. We review sixteen years of connectivity studies employing resource selection analysis to
evaluate how researchers have incorporated animal behaviour into corridor planning, and
highlight promising new approaches for identifying wildlife corridors. To illustrate the
importance of behavioural information in such analyses, we present an empirical case study
to test behaviour-specific predictions of connectivity with long-distance dispersal movements
of African wild dogs Lycaon pictus. We conclude by recommending strategies for
developing more realistic connectivity models for future conservation efforts.

3. Our review indicates that most connectivity studies conflate resource selection with
connectivity requirements, which may result in misleading estimates of landscape resistance,
and lack validation of proposed connectivity models with movement data.

4. Our case study shows that including only directed-movement behaviour when measuring
resource selection reveals markedly different, and more accurate, connectivity estimates than
a model measuring resource selection independent of behavioural state.

5. Synthesis and applications. Our results, using African wild dogs as a case study, suggest that
resource selection analyses that fail to consider an animal’s behavioural state may be
insufficient in targeting movement pathways and corridors for protection. This failure may
result in misidentification of wildlife corridors and misallocation of limited conservation
resources. Our findings underscore the need for considering patterns of animal movement in
appropriate behavioural contexts to ensure the effective application of resource selection
analyses for corridor planning.

Keywords
behavioural state, conservation planning, corridor ecology, dispersal, landscape connectivity,

landscape resistance, movement ecology, resource selection, step selection
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Introduction

Connectivity, i.e., the degree to which a landscape facilitates or impedes movement between
resources or habitats (Taylor et al. 1993), is a key aspect of land management for the
conservation of species and communities. Connectivity influences demography (Clobert et al.
2001), promotes dispersal and colonization (Hanski 1998), maintains genetic diversity (Hendrick
2005), increases a species’ ability to respond to perturbations and changing climates (Heller &
Zavaleta 2009), and supports long term persistence in heterogeneous landscapes (Vasudev et al.
2015). Consequently, increasing landscape connectivity has been identified as a fundamental
strategy for mitigating impacts of climate change on biodiversity (Heller & Zavaleta 2009).

The identification and protection of wildlife corridors, i.e., land allowing movement of focal
species between two or more habitat areas (Beier et al. 2008), has become a critical tool for the
maintenance of landscape connectivity (Gilbert-Norton et al. 2010). As a response to global
concerns about habitat fragmentation, climate change, and loss of landscape connectivity,
establishment of wildlife corridors has accelerated in the last decade and half. Today, studies
aimed at evaluating connectivity and determining where to establish corridors have become
central to conservation science and practice (Beier, Majka & Spencer 2008; Beier et al. 2011;
Rudnick et al. 2012).

Here, we systematically review sixteen years of studies using wildlife resource selection to
estimate landscape connectivity and highlight promising new approaches for identifying wildlife
corridors. We argue that failure to assess resource selection in appropriate behavioural contexts
may lead to misidentification of wildlife corridors and misallocation of limited conservation
resources.

Methods for identifying wildlife corridors

Accurate identification of functional corridors depends on knowledge of a species’ dispersal
requirements (Vasudev et al. 2015). Currently, estimating landscape resistance to movement is
the most widely used technique to focus corridor planning on areas where dispersal is considered
most likely to occur (Sawyer, Epps & Brashares 2011). Landscape resistance models — or
‘resistance surfaces’ — assign a value in a landscape grid cell to each environmental variable of
interest (e.g. elevation, land cover) that represents the energetic or survival cost to the study
species of moving through that spatial position (Adriaensen et al. 2003), or the willingness of the
individual to cross the cell (Zeller, McGarigal & Whiteley 2012). Earlier efforts to estimate
landscape resistance based on expert opinion (e.g., LaRue & Nielsen 2008; Shen et al. 2008)
have been greatly advanced by technological and analytical tools that now allow researchers to
evaluate resistance directly from empirical data (Zeller, McGarigal & Whiteley 2012). Methods
for estimating resistance based on empirical data fall into the following two main approaches,
landscape genetics and resource selection functions.

Landscape genetics approaches measure the correlation of observed genetic distance between
individuals or subpopulations separated by hypothesized values of landscape resistance
(Cushman et al. 2006; Epps et al. 2007). Thus, landscape genetics infers the influence of
landscape variables on gene flow. These methods are a gold standard in connectivity modelling
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when the process of interest is genetic connectivity. However, the few studies that have
attempted to validate genetic results with movement data indicate that while resistance models
derived from landscape genetics are useful in understanding large-scale effects on the process of
gene flow, they may not be as useful for predicting pathways of wildlife movement at finer,
management-relevant scales (Reding et al. 2013; Graves, Beier & Royle 2013). Additionally,
genetically-derived connectivity estimates can reflect past landscape permeability, due to the
time-lag to detect barriers (15-100 generations depending on methods and species traits;
Langduth et al. 2010), and thus may not capture current movement in rapidly evolving
landscapes, changing climates or for species dispersing short distances.

Given the uncertainties associated with applying landscape genetics to landscape planning at
finer spatial and temporal scales, we focused our review on the use of resource selection
functions (RSFs). In contrast to landscape genetic analyses, estimates of landscape resistance
derived from RSFs are thought to be effective at predicting areas for wildlife movement at more
immediate and fine scales; as a consequence, this approach is highly applicable to management
decisions (Chetkiewicz & Boyce 2009). Resource selection functions calculate the probability of
use of a given landscape variable (e.g., habitat type, elevation, slope) by statistically comparing
the characteristics of locations used by the study species with those in a control set of random
locations deemed available to, but presumably unused by, that species (Manly et al. 2002). These
analyses have recently been improved by the introduction of step selection (Fortin et al. 2005;
Thurfjell, Ciuti & Boyce 2014) and path selection (Cushman & Lewis 2010) functions, which
characterize movement as a series of linked steps or paths rather than a distribution of
independent points. Thus, while traditional RSFs, also known as point selection functions, are
well-suited for detection data, step and path selection analyses tend to be more useful for
relocation data because they account for changes in resource availability as an animal moves
through its landscape (Zeller, McGarigal & Whiteley 2012).

The role of behaviour

Use of RSFs in connectivity planning is largely based on the assumption that a habitat
occupied/selected by a species is predictive of the landscape conditions or features necessary for
successful dispersal (Vasudev et al. 2015). This critical assumption has been the subject of
debate, specifically regarding the degree to which resource selection models provide an accurate
proxy for movement preference as an animal navigates through a landscape (Beier, Majka &
Spencer 2008; Zeller, McGarigal & Whiteley 2012; Fattebert et al. 2015). Resource selection
during dispersal may differ significantly from selection exhibited during daily residential
activities (Elliot et al. 2014; Vasudev et al. 2015; Gastdn & Cabrera 2016). In particular, there is
increasing recognition that an animal’s behavioural state (e.g. resource use vs. searching,
territory maintenance vs. dispersing) can strongly mediate patterns of resource selection (Wilson,
Gilbert-Norton & Gese 2012; Roever et al. 2013; Abrahms et al. 2016).

Behaviourally-mediated differences in resource selection can have important effects on estimates
of landscape resistance and resulting conservation actions. For example, a recent study by Zeller
and colleagues (2014) found opposite patterns of resistance to some landscape variables for
pumas Puma concolor in a ‘resource use’ behavioural state versus a directed ‘movement’ state.
Similarly, Elliot and colleagues (2014) found that landscape resistance differed between
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dispersing and resident male lions Panthera leo. Thus, failure to assess resource selection in
appropriate behavioural contexts may lead to misidentification of corridors for animal movement
and ineffective use of limited conservation funding (LaPoint et al. 2013; Elliot et al. 2014).
Because dispersal events are often difficult to detect in the field, resource selection measured
during directed movement states may provide an important proxy that can be used to infer
functional connectivity in addition to or in lieu of direct dispersal data. Yet, little work has
validated RSF-derived predictions of landscape connectivity with long-distance movement data
to assess this possibility.

We surveyed recent RSF-derived connectivity studies to 1) evaluate the extent to which these
efforts have incorporated movement behaviour and 2) identify best practices for considering
movement behaviour for future connectivity studies. While the range of definitions for animal
movement is vast (Nathan et al. 2008), we define ‘movement behaviour’ in the context of
connectivity science as directed movement toward a new location (i.e., taxis), typical of
movement between rest sites or resource patches (Schick et al. 2008). Using this definition, we
evaluated published studies with regard to how movement behaviour was considered in
estimating landscape resistance and predicting connectivity. Using data drawn from our studies
of African wild dogs, we demonstrate the sensitivity of corridor models to behavioural state and
test the validity of model predictions against empirical movement data. Specifically, we use
high-resolution GPS data from African wild dogs in northern Botswana to create least-cost path
predictions from two RSF-derived resistance models, one that ignores behavioural state and one
that isolates movement behaviour. We then test these predictions against observed long-distance
dispersal paths. We conclude by providing a framework and recommending strategies for
researchers and managers to develop more realistic connectivity models for future corridor
planning efforts.

Materials and Methods

Literature review

To capture current trends in the literature, we searched ISI Web of Science for papers published
between January 2000 and February 2016 that contained the following key words: Topic =
(landscape resistance OR cost-distance OR effective distance) AND (corridor OR connectivity
OR linkage). We filtered the resulting 157 papers by restricting our search to the subject areas
Ecology, Environmental Sciences, Environmental Studies, Zoology, Biology, Biodiversity
Conservation, or Remote Sensing; this resulted in a subset of 137 papers. We further restricted
our review by excluding studies that did not use resource selection to estimate landscape
resistance and/or did not explicitly aim to model connectivity for the purpose of predicting
wildlife movement, resulting in a final set of 28 papers (Table 1). For each of the selected papers,
we evaluated: (1) the source of biological data (study species and data collection method), (2)
type of RSF employed (e.g., point selection, step selection), (3) whether movement behaviour
was explicitly considered in developing connectivity models, and (4) whether modelled corridors
were validated with independent movement data.
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African wild dog case study

To determine whether isolation of directed movement behaviour improves predictions regarding
long-distance movement paths, we collected high-resolution GPS data from 15 free-ranging
African wild dogs in northern Botswana (Abrahms et al. 2016). African wild dogs are both the
widest ranging and most endangered of Africa’s large carnivores; the International Union for
Conservation of Nature (IUCN) has linked the decline of wild dog populations to the species’
high sensitivity to habitat fragmentation (Woodroffe & Sillero-Zubiri 2013). Consequently, these
animals are a highly relevant focal species for assessing functional landscape connectivity.

Using collar-mounted accelerometers, we classified GPS locations into three discrete
behavioural states: traveling, chasing, and resting (Hubel et al. 2016). We used step selection
functions to quantify resource selection for a ‘combined model’ that included all available data,
ignoring behavioural state, and for a ‘movement model’ that included only the traveling dataset
(Thurfjell, Ciuti & Boyce 2014). Three of the 15 collared wild dogs exhibited long-distance
dispersal movements during the study period; these animals were excluded from the step
selection analysis to serve as test data against corridor model outputs. The data from the
remaining 12 individuals used to parameterize our models were collected from 12 different packs
to minimize risk of pseudoreplication. Habitat cover, land use type, proximity to road, and
proximity to human settlements were included as initial covariates after testing for collinearity
based on known influences on African wild dog space use (Woodroffe 2010; Whittington-Jones
et al. 2014; Abrahms et al. 2016; Table 2). We used AIC forward model selection to determine
which to retain in our final models (Burnham & Anderson 2002). We used significant selection
coefficients from each model to create two corresponding resistance surfaces (Squires et al.
2013). For each resistance surface we used least-cost path (LCP) analysis to predict the dispersal
paths of the three dispersers, as this represents the most commonly used method for designing
wildlife corridors (Sawyer, Epps & Brashares 2011). Finally, to address the uncertainty inherent
in least-cost modelling we estimated least-cost corridors that overcome the single-pixel width
limitation of LCPs (Beier, Majka & Newell 2009). Following published recommendations
(Harrison 1992; Beier, Majka & Spencer 2008), we buffered our LCPs by a conservative
estimate of half the average home range width for African wild dogs (8km; Woodroffe 2010) to
determine biologically-informed corridor widths of 16 km.

To evaluate our models, we used two metrics as suggested by a recent study comparing the
utility of connectivity modelling validation methods (McClure, Hansen & Inman 2016) . Firstly,
we calculated the percentage of observed dispersal relocations overlapping with predicted least-
cost corridors, a metric relevant to conservation practitioners in assessing the proportion of
movement that would be protected by a potential corridor (Poor et al. 2012; McClure, Hansen &
Inman 2016). Secondly, we measured the path deviation of each model’s LCP from the observed
dispersal paths, a straightforward statistic of how well the model agrees with the data (Pullinger
& Johnson 2010). All statistical analyses were performed using R 3.1.0 (R Core Team 2014). We
used ESRI ArcMap 10.2 to create resistance surfaces and Linkage Mapper software (McRae &
Kavanagh 2011) to generate least-cost paths. See Appendix S1 for full methods details.
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Results

Literature review

The majority of studies (82%) used animal relocation data from either GPS or VHF collars to
assess resource selection, while five (18%) relied on measures of indirect detection such as
animal sign or camera trap data. None of the detection-based studies made efforts to focus on
movement-related habitat use. In total, 11 of the 28 studies evaluated included efforts to
explicitly incorporate movement behaviour into their connectivity analyses. The remaining
studies assumed that resource selection indicated connectivity requirements.

Only five studies (18%) validated connectivity predictions with movement data. LaPoint et al.
(2013) found poor agreement between corridor predictions for fishers Martes pennanti based on
GPS locations versus ‘animal-defined’ corridors delineated by quick, repeated, and linear fisher
movements. Deployment of camera traps demonstrated greater use by fishers of animal-defined
corridors than cost-based corridors. In contrast, Harju and colleagues (2013) found that
connectivity estimates based on resource selection during traveling and relocating movement
states for sage-grouse Centrocercus urophasianus were strong predictors of an independent test
set of locations for these movement states. Finally, Trainor et al. (2013) found a strong
correlation between connectivity predictions for red-cockaded woodpeckers Leuconotopicus
borealis based on resource selection during exploratory forays and an independent dataset of
short-distance dispersals.

African wild dog case study

The highest ranked movement model based on AIC model selection retained habitat cover, land
use type, and distance to roads as predictor variables; the highest ranked combined model
retained habitat cover and land use type (Table S2). Step selection results showed different, and
in some cases opposing, responses to landscape variables between the movement model and the
combined model (Fig.1, Table S3); these differences were reflected in the divergent patterns of
landscape resistance between the two models and resulting LCPs (Fig. 2). Least-cost corridors
from the movement model overlapped with the large majority of GPS locations from the three
dispersal paths (range 62 -100%, mean 87%; Table 3) while those from the combined model
included a lower percentage of GPS locations (range 0-100%, mean 33%). Path deviations
between the movement model LCPs and observed paths were significantly lower than those
between the combined model LCPs and observed paths.

Discussion

Literature review: inclusion of movement behaviour in corridor planning

Collectively, the studies in our review that validated connectivity predictions with independent
movement data point to the importance of incorporating behavioural data in connectivity models
as a key step toward generating management strategies. As showcased by several such studies,
multiple data collection, technological and analytical approaches exist to aid conservation
scientists and practitioners in including movement behaviour in corridor planning. The eleven
studies that considered animal movement behaviour in their connectivity predictions provide
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informative examples for working with relocation data (Table 4). From these studies, we
identified two principal scales at which movement behaviour has been addressed: a behavioural
level and a demographic level. At the behavioural level, several studies identified the subset of
locations at which animals displayed behavioural states categorized broadly as movement
behaviour. These categorizations included a) ‘traveling’, ‘relocating’, or ‘moving’ based on step-
length distributions (Harju et al. 2013; Zeller et al. 2014); b) ‘large-scale movements’ delimited
by a threshold for movement rate (Pullinger & Johnson 2010); and ¢) ‘active’ versus ‘resting’
behaviour based on both step-length and turn angle distributions (Squires et al. 2013). At the
demographic level, three studies employed a demographic approach by collaring and collecting
relocation data from juvenile dispersers (Richard & Armstrong 2010; Trainor et al. 2013; Elliot
et al. 2014). While behavioural and demographic approaches may be used in concert, we
distinguish a demographic approach from a behavioural one in that it may include all behavioural
states of a disperser. This approach may be ideal for determining how dispersers navigate their
landscape, but it is logistically challenging because it requires predicting which individuals in the
population will disperse. Perhaps not coincidentally, two of these three studies focused on birds,
where identification and tagging of juvenile dispersers is easier than it is for many other
vertebrates (Zeller, McGarigal & Whiteley 2012). To focus on dispersal movements, three other
studies collected location data during known dispersal seasons for their study species (Cushman
& Lewis 2010; Walpole et al. 2012; Roever, van Aarde & Leggett 2013).

Advances in GPS collar technology over the last decade can contribute to connectivity science
by coupling discrete behavioural states with patterns of space use and movement preference. In
particular, activity sensors such as collar-mounted accelerometers, magnetometers, and
physiological loggers are becoming increasingly popular for classifying behavioural states
remotely (Brown, Kays & Wikelski 2013; Wilson et al. 2013; Nams 2014). However, the
literature also provides many methods for inferring behavioural state without the expense of
activity sensors, even for collars that operate at coarse spatiotemporal scales. For instance,
Pullinger & Johnson (2010) classified two behavioural states of resource use versus long-
distance movement for caribou Rangifer tarandus by examining movement rate between 3-hour
GPS fix intervals. Similarly, pairing movement rate with turn angle distributions revealed a clear
distinction between sedentary and exploratory behavioural states in elephants (Roever et al.
2013). Patterns of GPS clustering have been used to further partition relocation data, including
identifying kill sites, dens, and scent marking areas for pumas (Wilmers et al. 2013) and feeding
and bedding behaviours in grizzly bears (Cristescu, Stenhouse & Boyce 2015). The wide variety
of existing methods for inferring behavioural states necessitate the development of best practices
for their application and interpretation in the context of connectivity modelling.

As mentioned previously, advances have also been made in the analytical procedures associated
with resource selection analyses, such as the addition of step selection (Fortin et al. 2005;
Thurfjell, Ciuti & Boyce 2014) and path selection functions (Cushman & Lewis 2010). Both of
these analytical approaches can help to quantify selection specifically for movement paths,
though for the purposes of connectivity modelling care must still be taken to ensure resource
selection is measured for the appropriate behavioural state(s). In addition, the rapidly growing
field of movement ecology (Schick et al. 2008; Nathan et al. 2008) offers many analytical
approaches for remote identification of behavioural states such as hidden Markov (Patterson et
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al. 2009) and state-space models (Jonsen, Flemming & Myers 2005; Patterson et al. 2008) that
have been developed for effectively analysing noisy or imperfect animal movement data.

Our result that none of the detection-based studies focused on movement-related habitat use
highlights a ripe opportunity for advancement. Indirect detection methods are often less costly
than obtaining direct relocation data and are sometimes the only feasible option for rare or
elusive species. For those using indirect detection based on sign to identify movement corridors
(e.g., Walpole et al. 2012; Mateo-Sanchez, Cushman & Saura 2014), locations with sign of
resource-use behaviour (e.g. gorilla nesting/feeding sign, McNeilage et al. 2006; grizzly bear
bedding sites, Munro et al. 2006) can be excluded from resource selection analyses in favour of
travel-related sign (e.g., gorilla trampled vegetation, dung, footprints; Sawyer & Brashares 2013)
to limit inferences to more movement-focused habitat use. For studies relying on camera trap
data to identify corridors (e.g., Brodie et al. 2014; Wang et al. 2014), there are several
improvements that can be made beyond using standard abundance estimates to infer areas with
high connectivity. If individual identification from photos is possible, spatially-explicit
movement rates can be measured and related to landscape variables through spatial capture-
recapture methods (Royle et al. 2013a; b). If individual identification is not possible, camera trap
data can be used to associate habitat use with activity patterns of the study species (Rowcliffe et
al. 2014). Given that nearly 20% of the connectivity studies we evaluated relied on indirect
detection for their resource selection analyses, development and application of methods to better
assess movement behaviour in these data sets is greatly needed.

We propose a series of steps that can be taken through the data collection and analysis stages of
resource selection estimation to better emphasize movement behaviour in connectivity modelling
(Fig. 3). As is the case with all ecological fieldwork, the processes we suggest depend first on
what data can be feasibly collected for the target species. However, since location data are often
used for a variety of purposes and thus may not have been collected specifically for connectivity
analyses, we suggest that researchers working with such data sets apply the analytical approaches
outlined above to focus inferences on movement behaviour regardless of the methods employed
during the data collection stage.

African wild dog case study

Results from our African wild dog case study mirror a small set of recent publications (e.g.,
Harju et al. 2013; Trainor et al. 2013) indicating that including only movement behaviour in
resistance surfaces analyses reveals markedly different patterns of connectivity than models
measuring resource selection without consideration of behavioural state. For the goal of
predicting and protecting dispersal, the movement model (i.e., only GPS positions when the dogs
were in a ‘traveling’ behavioural state) outperformed the combined model (i.e., all available GPS
positions independent of behavioural state) according to both validation metrics used in our
analysis (Table 3). The movement model least-cost corridor (LCC) fully incorporated two of the
three observed dispersal paths, overlapping with a total of 87% of movement locations compared
with only 33% for the combined model LCC. In addition, the path deviation statistic indicated
greater agreement between the least-cost paths derived from the movement model and the
observed wild dog dispersal paths than those from the combined model. These results suggest
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that a general resource selection analysis may be insufficient in predicting and protecting
movement pathways for African wild dogs.

The divergent patterns of resource selection by African wild dogs revealed by our models have
significance for the conservation and management of this species. African wild dogs displayed
large differences in habitat preference when traveling compared to when behavioural state was
not considered. Our behaviourally informed model also revealed that African wild dogs showed
a higher tolerance for human-modified landscapes and features (pastoral areas, roads) when
dispersing, an outcome that has been reported for other dispersing carnivores including lions
(Elliot et al. 2014) and Iberian lynx Lynx pardinus (Gaston & Cabrera 2016). While the ability of
dispersing carnivores to navigate potentially hostile landscapes may allow populations to
maintain greater levels of connectivity than previously thought (Mateo-Sanchez et al. 2015), this
also places them at higher risk of human-wildlife conflict. Because of increased tolerance for
human disturbance and proclivity to range beyond protected areas, African wild dogs in a
dispersing or exploratory state are more prone to human-caused mortality (Woodroffe et al.
2007; Davies-Mostert et al. 2012) and thus it is essential that creation of corridors for large
carnivore movement be paired with efforts to mitigate human-carnivore conflict (Elliot et al.
2014).

Caveats

A number of caveats and assumptions to this work are important to note. First, this work is
focused on corridor design for terrestrial vertebrates, and not for entire community assemblages.
The latter would rely less upon single-species dispersal requirements than broader estimates of
structural connectivity, such as landscape ‘naturalness’ (Theobald et al. 2012). We also focus on
connectivity as viewed through movement corridors, rather than the more spatially-expansive
lens of habitat contiguity. The first emphasizes the maintenance of pathways for effective
dispersal between populations while the second seeks to preserve viable habitat to ensure
occupancy of a focal species across fragmented landscapes. This distinction is important in the
context of our review because resource selection functions or other general assessments of
habitat use may be effective on their own where the conservation goal is simply to preserve a
connected system of occupied habitats.

We chose to employ least-cost path (LCP) analysis for our case study because it is the most
popular method for managers to delineate corridors (Sawyer, Epps & Brashares 2011), however
it requires a number of assumptions that may not be upheld in all cases. First, it assumes a
defined start and end point, which is appropriate when determining a connection between two
protected areas, or in our case a natal and dispersal range, but this assumption is often violated
when clear habitat patches cannot be demarcated. Similarly, LCP analysis cannot evaluate
multiple potential pathways between more than two patches. In addition, by weighting the
cumulative cost of a pathway by its total Euclidean distance, LCP analysis implicitly assumes
that animals have total knowledge of their landscape, which is especially likely to be violated
when animals are dispersing into new territory. Ultimately, when evaluating whether to use a
least-cost or alternative approach such as circuit-theory modelling, the movement ecology of the
focal species and the landscape context are key determinants that should be considered
(McClure, Hansen & Inman 2016).
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A final and important limitation to our case study is the small number of known dispersal paths
for our study animals, despite data collection over a four-year period, highlighting the challenge
of collecting long-distance movement data for evaluating functional landscape connectivity.
Efforts such as ours to directly compare behaviour-informed predictions of connectivity with
known long-distance dispersal movements are accordingly rare. Nevertheless, the strong effect
sizes of our model validation metrics lend confidence to our inference that consideration of
behavioural state is critical, and that by focusing connectivity analyses on movement behaviour,
researchers can eliminate much of the noise that comes from analysing all data points.

Conclusions and future directions

While the protection of corridors for animal movement involves sociopolitical, economic and
other considerations that were not addressed in this assessment, our review and case study
suggest that the success of corridor efforts also relies on an accurate understanding of how
animals move through their environment. Resource selection within an animal’s home range may
be a suitable proxy for movement preference during dispersal for some species (Fattebert et al.
2015), though researchers and conservation practitioners should be aware this is not always the
case and failure to recognize this distinction may have important consequences for preserving
landscape connectivity. Our findings underscore the need for examining animal movement in
appropriate behavioural contexts to ensure effective application of resource selection analyses
for corridor planning. Advances in monitoring technology are fostering new opportunities to
study wildlife movements that promise to enhance corridor conservation. At the same time,
current analytical tools that rely on indirect location data can be improved to more accurately
inform connectivity models. Given limited conservation resources and rapidly changing
environments, efficient and accurate corridor identification, establishment and management is a
critical need in conservation planning. Unifying the fields of movement ecology and connectivity
science promises to advance our knowledge of — and thus our ability to preserve — the
fundamental process of wildlife movement.

Acknowledgements

We thank the Botswana Ministry of Environment for permission to conduct this research (EWT
8/36/4 XXIV). This material is based upon work supported by the National Science Foundation
(Grant No. 325 DGE1106400), the Riverbanks Zoo, and The Explorers Club. We thank J. Lowe
and S. Amos for fabricating collars and the EPSRC (EP/H013016/1), BBSRC (BB/J018007/1)
and ERC (323041) for funding the collaring program. We thank K. Golabek and BPCT research
assistants for valuable field contributions, B. Reineking, C. Harris, and M. Tsalyuk for assistance
with analyses, and W. Getz, E. Lacey, A. Merenlender and the Brashares Group for helpful
comments. We are grateful to N. Balkenhol, P. Beier, and an anonymous reviewer for providing
feedback that greatly strengthened this paper.

32



Data Accessibility

African wild dog dispersal path data are available from the Dryad Digital Repository:
http://dx.doi.org/10.5061/dryad.66kc7.

33



143

Table 1. Summary of studies evaluated that used resource selection analyses to model connectivity for wildlife movement.

Study Species Data RSF  Consideration of Movement Validation of Connectivity Predictions
Collected Type  Behavior with Independent Movement Data
Braaker etal. E. europacus Relocation — PSF  None None
2014 GPS
Brodie et al. H. derbyanus; H.  Detection — PSF  None None
2014 malayanus; N. Camera trap
diardi; R. unicolor;
M. nemestrina _
Carvalho et al. G. genetta Relocation — PathSF None None
2015 VHF
Chetkiewicz & U. arctos, Relocation — PSF  None None
Boyce 2009  P.concolor GPS
Clark et al. U. americanus Relocation — SSF  Removed relocations <100  None
2015 luteolus GPS meters apart
Cushman & U. americanus Relocation — PathSF None None
Lewis 2010 GPS
Elliot et al. P. leo Relocation — PathSF Resource selection of None
2014 GPS dispersing individuals
Harju et al. C. urophasianus Relocation — SSF  Resource selection during Validated with independent GPS
2013 GPS traveling and relocating data in traveling and
states relocating states
Kautz et al. P. concolor coryi  Relocation — PSF  None None
2006 VHF
Kindall & U. americanus Relocation — PSF  None None
Manen 2007 VHF
LaPointetal. M. pennanti Relocation — PSF  None Validated with ‘animal-defined’
2013 GPS corridors based on rate of
fast, linear movement
Mateo-Sanchez, U. arctos Detection —Sign  PSF  None None

Cushman &
Saura 2014
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McClure, C. elephas; G. gulo Relocation — PSF  Resource selection for Validated with independent GPS

Hansen & GPS, VHF migratory or dispersal- data for long-distance movements

Inman 2016 related movements

O’Brien etal. R. tarandus caribou Relocation — PSF  None None

2006 GPS

Proctoretal.  U. arctos Relocation — PSF  None None

2015 GPS

Pullinger & R. tarandus caribou Relocation — SSF  Resource selection during Validated with independent GPS

Johnson 2010 GPS large-scale movements data identified as long-
distance movement

Reding etal. L. rufus Relocation — PathSF None None

2013 VHF

Richard & P. longipes Relocation — SSF  Resource selection of None

Armstrong VHF dispersing individuals

2010

Roever, van L. africana Relocation — PSF  None None

Aarde & GPS

Leggett 2013

Squires et al. L. canadensis Relocation — SSF  Resource selection during None

2013 GPS movement state

Sutcliffe et al. 4. hyperantus;, H. Relocation — MSF  Resource selection for None

2003 virgaureae Mark-recapture matrix with highest

passage rates

Thatcher, van  P. concolor coryi  Relocation — HSF  None None

Manen & Clark VHF

2009

Trainor etal.  P. borealis Relocation — PSF  Resource selection of Validated with frequency of

2013 VHF dispersing individuals dispersal events within
predicted corridors

Verbeylen et al. S. vulgaris Detection - Sign  MSF  None None

2003
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Walpole et al. L. canadensis Detection — Sign  PSF None None
2012

Wang et al. A. melanoleuca Detection — PSF  None None
2014 Camera Trap

Zeller et al. P. concolor Relocation — PSF  Resource selection during None
2014 GPS movement state

Zeller et al. P. concolor Relocation — SSF, Removed relocations <200  None
2015 GPS PathSF meters apart

'PSF = point selection function, SSF = step selection function, PathSF = path selection function, MSF = matrix selection function,

HSF = home range selection function (categories as defined by Zeller et al. 2012).



Table 2. Landscape variables used to quantify resource selection of African wild dogs.

Category Variable Name  Description Source
Habitat Cover ~ Swamp Moist and seasonally flooded Broekhuis
floodplains etal. 2013
Grassland Former floodplains characterized by
shrubbed grassland
Woodland Mixed woodland dominated by Acacia
spp.
Mopane Woodland composed primarily of
Colophosphermum mopane shrubs and
trees
Land Use Type Game Reserve IUCN Category IV Protected Area Botswana
National Park IUCN Category Il Protected Area Department
Wildlife Mgmt ~ Community-managed land gazetted for ~ of Lands
Area (WMA) photographic and hunting tourism
Pastoral Non-wildlife area dominated by
pastoralism
Okavango
Anthropogenic  Road Distance to nearest road Delta
Features Settlement Distance to nearest human settlement Information
System
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Table 3. Percentage overlap between least-cost corridors (LCC) and GPS points
along observed dispersal paths, and path deviation between modelled and
observed paths with p-values indicating significant differences between model

performance.

LCC Overlap  Path Deviation
Model % Mean (km) SD p
Path 1- Movement 62 7.16 2.28 <0.001
Path 1- Combined 0 255 3.18
Path 2- Movement 100 2.65 1.92 <0.001
Path 2- Combined 0 29.8 6.08
Path 3- Movement 100 34 15 0.07
Path 3- Combined 100 1.93 1.55
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Table 4. Approaches for using movement behaviour to inform connectivity conservation.

Approach Description # Studies Example studies

Behavioral Use localities when the 7 Pullinger & Johnson 2010;
individual is in a Squires et al. 2013; Zeller et
traveling/exploratory state al. 2014
Versus a resource use state

Demographic Use localities from dispersing 3 Elliot et al. 2014; Richard &
vs. resident individuals in the Armstrong 2010; Trainor et al.
population 2013

Seasonal Collect location data during the 3 Cushman and Lewis 2010;
known dispersal season Roever et al. 2013; Walpole et

al. 2012
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Figure 1. (a) Comparison of step selection parameter estimates and standard errors for the combined model, measuring resource
selection for all location data independent of behavioural state, and the movement model, measuring resource selection only when
wild dogs were in a ‘traveling’ behavioural state (see Table S3 for listed values). Negative selection coefficients indicate avoidance
of corresponding landscape variables; positive values indicate selection for corresponding variables. P-values were calculated from
Wald tests. (b) Resistance surface derived from significant selection coefficients (p<0.05) in the combined model. Resistance values
were calculated as the inverse of scaled ‘probability of use’ values w(x) = exp(Bix; + B2x2 +....) where B; is the selection coefficient
for landscape variable x;. Blue cells and orange cells indicate low and high resistance to movement, respectively. (¢) Resistance
surface derived from significant selection coefficients in the movement model.
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Figure 2. Comparison between least-cost corridors derived from combined model (solid black lines), movement model (dashed black
lines), and GPS-captured paths (orange dots) from three distinct dispersal events in (a) October 2014, (b) August 2013 and (c)
January 2012 (Table S1). Okavango Delta floodwaters (light blue) are included for spatial reference.



Exclude locations with Infer behavioral states
sign of feeding, resting, from relocation data;
denning, etc. Isolate movement states

Resource selection
analysis

Stage II: Data Analysis

Figure 3. A decision tree for focusing resource selection analyses on animal movement for
connectivity planning. At the data collection stage, decisions are made as to the type of data that
can be collected and whether collection can be targeted toward dispersal seasonally or
demographically. At the data analysis stage, the collected data can be analysed and cleaned to
isolate locations for movement before inputting the dataset into a resource selection analysis.
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Supplementary Material
Appendix 1. Detailed methods for African wild dog case study.

To collect movement data from African wild dogs, between November 2011 and March 2015 we
fitted 15 adults from 13 packs in northern Botswana’s Okavango Delta region with custom-built
GPS-accelerometer collars (Abrahms et al. 2016). Capturing and collaring of all animals was
performed under approval from the Government of Botswana (permit #EWT 8/36/4 XXIV) and
the University of London Royal Veterinary College Ethics & Welfare Committee and conformed
to the guidelines of the American Society of Mammalogists for the use of wild mammals in
research. The GPS units in the collars moved between different operating states depending on the
measured activity status of the animal derived from the accelerometers (Hubel et al. 2016). The
default state took hourly fixes when the animal was stationary but transitioned into a ‘traveling’
state with five-minute fixes when activity data indicated that the animal was moving consistently
between consecutive locations; acceleration equivalent to galloping (38.2 m/s?) triggered the
collars into a third ‘running’ state of five fixes per second. See Hubel et al. (2016) for further
specifications on collar design.

We created two separate step selection models to quantify resource selection (Fortin et al. 2005;
Thurfjell, Ciuti & Boyce 2014). We used conditional logistic regression to compare the
landscape attributes of each observed step with those of five matched control steps (see Abrahms
et al. 2016 for details on step selection methods). For the combined model, we included all
available GPS data, resampled to a consistent fix rate of five-minute intervals. For the movement
model, we used only GPS data when the animals were in the ‘traveling’ state. To determine the
sensitivity of model output to GPS fix interval, we repeated these analyses using an hourly fix
rate; this conservative approach did not significantly alter our coefficient estimates (see Table
S4).

Three of the fifteen collared wild dogs exhibited long-distance dispersal movements (movement
from a natal or breeding range to a new potential breeding range; Clobert et al. 2001) during the
study period; these animals were excluded from the step selection analyses to serve as test data
against corridor model outputs. The data from the remaining 12 individuals used to parameterize
our models were collected from 12 different packs to minimize risk of pseudoreplication.
Because African wild dogs travel in packs and retain a high degree of spatial proximity to one
another (Hubel et al. 2016), we assumed that the movement pattern of a given pack member is
representative of other members of the pack, with the exception of denning females which were
not included in this study. The following landscape variables were included in the models based
on known influences on African wild dog space use (Woodroffe 2010; Whittington-Jones et al.
2014; Abrahms et al. 2016): habitat cover, land use type, proximity to road, and proximity to
human settlements (Table 1). Topography was not included as there was little to no topographic
variation in the study area. All GIS layers were resampled to 100 m resolution to maintain
consistent grain size. We tested for independence between all landscape variables using Pearson
pairwise correlations and used the standard threshold for non-independence of |r|>0.6. No
variables were characterized by correlations greater than |r|=0.38 and thus no landscape variables
were discarded. We used AIC forward model selection to determine which variables to include
in our final models (Burnham & Anderson 2002).
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We used significant selection coefficients (p<0.05) from the combined model and movement
model to create two corresponding resistance surfaces. First, we calculated the probability of use
of each grid cell using the equation w(x) = exp(Bix1 + B2x2 +....) where [3; is the selection
coefficient for landscape variable xi (Thurfjell, Ciuti & Boyce 2014). Following (Squires et al.
2013), we scaled the probability of use values to between 0 and 1 by dividing each grid cell
value by the maximum probability value; we then inverted these values to create each resistance
surface such that resistance = 1/scaled(w(x)). We used least-cost path analysis to predict the
movement paths of the three dispersing individuals, as this represents the most commonly used
method for designing wildlife corridors (Sawyer, Epps & Brashares 2011). This approach finds
the least costly path between two user-defined points on a resistance surface by minimizing the
Euclidian distance weighted by the cumulative resistance values of all cells traversed
(Adriaensen et al. 2003; Sawyer, Epps & Brashares 2011). For our analyses, we used the center
of each natal and dispersal home range centroid as our start and end points. Finally, to address
the uncertainty inherent in least-cost modeling we estimated least-cost corridors that overcome
the single-pixel width limitation of LCPs (Beier, Majka & Newell 2009). Following published
recommendations (Harrison 1992; Beier, Majka & Spencer 2008), we buffered our LCPs by a
conservative estimate of half the average home range width for African wild dogs (8km;
Woodroffe 2010) to determine biologically-informed corridor widths of 16 km.
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Table S1. Pack identities and data collected per collared individual.

Individual Gender Pack ID Study Period # GPS locations
Residents
Accra F KB Apr.-Sep. 2012 64,192
Gomer M HW Nov. 2011-Nov. 2012 23,023
Yolo M MT Nov. 2011-2012 21,131
Dar F CT Apr.-Aug. 2012 1,447
Kubu F MK Apr.-Oct. 2012 8,587
Jesus M SA Mar.-July 2012 5,983
Augustus M BW June-Sept. 2013 4,841
Xerxes M AP June 2014-Mar. 2015 26,345
Pula M FV July-Nov. 2014 11,295
Bali F HT Dec. 2013-Nov. 2014 22,556
Aztec M ZU Feb.-Oct. 2014 19,488
Adiga M MB Aug. 2013-Mar. 2015 37,648
Dispersers
Scorpion M KB Apr. 2012-Nov. 2013 156,099
Stetson M MT Nov. 2011-Apr. 2012 8,906
Lupe M KM July 2014-Jan. 2015 14,494
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Table S2. AIC model selection for Combined and Movement step selection models; L = Step
length; A = Absolute relative turn angle; S = Distance to nearest human settlement; R = Distance

to nearest road; H = Habitat type; M = Land use type.

Combined SSF Movement SSF
I  Model AlIC AAl w  LoaLi AIC AAIC w LoaLik.
0 L+A 21231 151. O - 198269.2 32071 O -
1 L+ A+S 21233 153. 0 - 198269.8 32076 O -
2 L+A+R 21233 153. 0 - 198126.3 3064.1 O -
3 L+A+H 21093 141 0 - 195366.0 303.85 O -
4 L+A+M 21211 131. O - 1980745 30124 O -
5 L+ A+H+M 21079 O 04 - 195196.1 134.01 O -
6 L+ A+H+R 21095 159 0 - 195220.8 158.61 O -
7 L+ A+H+S 21095 161 0 - 195368.0 305.81 O -
8 L+A+H+M+R 21080 1.1 0.2 - 195062.1 O 0.53 -
9 L+A+H+M+S 21081 19 01 - 1951948 13261 O -
1 L+ A+H+M+ 21082 3.0 0.1 - 195062.3 0.20 047 -

Because there was support for inclusion of distance to roads in the combined model (AAIC=1.1),
we included this variable in our initial step selection analysis for comparison with the movement
model, though its selection coefficient proved non-significant and was not given weight in the
corresponding resistance surface (p=0.35). There also was modest AIC support in each model
type for including distance to settlement as a predictor variable, but selection coefficients for this
variable were not significant (p>0.5) in either step selection model and we did not include this
parameter in our final models.
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Table S3. Step selection parameter estimates () and standard errors for the combined model,
measuring resource selection for all location data independent of behavioural state, and the
movement model, measuring resource selection only when wild dogs were in a ‘traveling’
behavioural state. Negative selection coefficients indicate avoidance of corresponding landscape
variables; positive values indicate selection for corresponding variables. P-values were
calculated from Wald tests.

Movement Model Combined Model
Variable B SE p-value R SE p-value
Road 0.200 0.017 <0.001 -0.439 0.472 0.35
Grassland -0.025 0.029 0.38 0.099 0.131 0.45
Mopane -0.175 0.033 <0.001 0.497 0.142 <0.001
Woodland -0.149 0.037 <0.001 -0.049 0.163 0.76
Swamp -0.443 0.074 <0.001 -0.616 0.175 <0.001
Game Reserve  0.261 0.286 0.36 0.233 0.473 0.62
National Park 0.496 0.301 0.10 0.303 0.206 0.52
Pastoral 0.124 0.029 <0.001 0.341 0.472 0.47
WMA 0.687 0.282 0.01 0.297 0.472 0.53
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Table S4. Results of sensitivity analysis for 1-hour fix intervals. Step selection parameter
estimates () and standard errors for the combined model, measuring resource selection for all
location data independent of behavioural state, and the movement model, measuring resource
selection only when wild dogs were in a ‘traveling” behavioural state. Negative selection
coefficients indicate avoidance of corresponding landscape variables; positive values indicate
selection for corresponding variables. P-values were calculated from Wald tests.

Movement Model Combined Model
Variable B SE p-value R SE p-value
Road 0.180 0.016 <0.001 -0.489 0.425 0.25
Grassland -0.028 0.031 0.36 0.082 0.232 0.72
Mopane -0.169 0.034 <0.001 0.478 0.137 <0.001
Woodland -0.150 0.039 <0.001 -0.051 0.171 0.76
Swamp -0.419 0.067 <0.001 -0.602 0.183 <0.001
Game Reserve  0.268 0.282 0.34 0.187 0.510 0.71
National Park 0.515 0.320 0.11 0.332 0.251 0.19
Pastoral 0.102 0.031 <0.001 0.362 0.494 0.46
WMA 0.574 0.292 0.05 0.282 0.486 0.56
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4. Classification of movement syndromes across individuals and
species

This chapter has been prepared for publication and is reproduced here with kind permission of
the contributing authors: Dana P. Seidel, Eric Dougherty, Elliot L. Hazen, Steven J. Bograd,
Alan M. Wilson, John W. McNutt, Daniel P. Costa, Stephen Blake, Justin S. Brashares and
Wayne M. Getz.

Abstract

Patterns of animal movement have critical implications for multiple aspects of biology, including
the ecology, evolutionary biology, and long-term persistence of wildlife populations. Because
empirical studies of animal movement are most-often site- and species-specific, it is difficult to
gain a generalized understanding of the mechanisms underlying broad movement patterns. By
combining movement data from 13 marine and terrestrial species spanning three taxonomic
classes, continents and orders of magnitude in body size with computer-simulated idealized
movement paths, we provide the first empirical examination of how fundamental movement
metrics scale up to predict emergent movement patterns across multiple taxa. We introduce a
classification scheme for movement syndromes, which are suites of correlated movement traits
seen across taxa (e.g. migration, nomadism), and show that a simple set of metrics can reliably
classify movement syndromes across highly disparate vertebrate taxa. Our movement syndrome
classification scheme thus provides a general framework for linking movement patterns to
movement process, and facilitates new understanding of relationships between movement
syndromes and physiological, behavioral and life-history traits.

Introduction

Ecology links community, population, and ecosystem patterns with individual and interactive
level processes at multiple scales of inquiry (Levin 1992). Animal movement is one such process
that is also an essential component of individual fitness (e.g. resource acquisition, survival), with
critical implications for population persistence (e.g. dispersal, gene flow), species distributions,
and ecosystem function (e.g. ecosystem engineering, propagule dispersal) (Swingland &
Greenwood 1983; Lawton & Jones 1995; Hanski 1998; Clobert et al. 2001). Further, in the so-
called Anthropocene, movement will play a critical role in species and community responses to
environmental change (Tingley et al. 2009; Hazen et al. 2012; Bost et al. 2015). Because of the
profound importance of movement in driving the spatial dynamics of multiple levels of
ecological organization, the identification of common mechanistic underpinnings for complex
movements has recently been identified as a research priority in ecology and conservation
biology (Hays et al. 2016). A stronger conception of how movement processes lead to higher-
level patterns will facilitate the integration of movement into other areas of ecology to inform
predictions, such as the invasive potential of exotic species (Peterson 2003), how diseases will
spread through contact-networks (Peterson 2008), or how species will respond to climate change
(Schloss et al. 2012).
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In behavioral ecology, the concept of behavioral syndromes, i.e. suites of correlated behaviors,
has aided quantification of behavioral types and their ecological and evolutionary implications
(Sih et al. 2004). Analogously, current efforts to characterize movement syndromes, i.e. suites of
correlated movement traits seen across taxa such as migration or nomadism (Sih et al. 2004;
Dingle 2006), have generated a number of promising methods and metrics (Schick et al. 2008).
Several important theoretical contributions have linked basic movement metrics (i.e.,
mechanism/process) with broad-scale movement syndromes (i.e., pattern) (Borger et al. 2008;
Mueller & Fagan 2008; Nathan et al. 2008), but few empirical studies have confirmed these links
(Mueller et al. 2011). Moreover, it is unclear which metrics have the greatest utility for
identifying movement syndromes, information that is critical both to developing appropriate data
collection procedures and to conducting efficient analyses of movement. Given that the majority
of empirical movement studies have focused on single species, our ability to generalize findings
is limited (Holyoak et al. 2008). Different taxa not only have different modes of movement (e.g.,
swimming versus terrestrial locomotion), but also move across spatial and temporal scales that
differ by orders of magnitude. Thus, a more unified understanding of the processes underlying
emergent movement syndromes requires an examination across a broad array of taxa, movement
modes, and body sizes.

Here, we provide the first empirical examination of the extent to which simple measures of
animal movement can be used to identify movement syndromes across widely disparate taxa, in
effect linking movement process with pattern. Three movement syndromes appear repeatedly in
the literature from which we draw upon: range residency, nomadism, and migration (Mueller &
Fagan 2008; Bunnefeld et al. 2010; Mueller et al. 2011; Bastille-Rousseau et al. 2016). Range
residency can be further expanded upon to include central place foraging and territoriality,
yielding four movement syndromes classically defined as: 1) central-placed foraging, in which
individuals return to fixed locations between foraging trips (Orians & Pearson 1979); 2)
territoriality, in which individuals actively demarcate the boundaries of fixed areas against
conspecifics (Howard 1920); 3) nomadism, in which individuals move unpredictably with little
to no site fidelity (Weins 1976); 4) migration, in which individuals move with persistence from
one habitat area to another, bi-directionally and with temporal predictability (Williams 1957).
These movement syndromes may be lifetime descriptors correlated with life history types, or life
history stage descriptors of significant movement phases associated with particular events (e.g.
breeding, resource pulses, etc.). While these four syndromes differ conceptually and
qualitatively, we develop a novel methodology for their quantitative distinction.

We expected similar forms and characteristics of movement to underlie the same syndrome
across species and spatial scales. To evaluate this prediction and test whether simple metrics
reliably identify movement syndromes, we assessed five key movement metrics for GPS
trajectories of individuals from 13 species spanning three taxonomic classes, continents,
movement modes, and orders of magnitude in body size. Using these metrics, we performed a
cluster analysis to determine if our study organisms fell into statistically distinct groupings. We
compared these groupings with simulations of four idealized syndromes — central place foraging,
territoriality, nomadism, and migration — which revealed that observed groupings were explained
by common movement syndrome. This approach provides a framework for a rigorous large-scale
movement classification scheme that may facilitate the integration of animal movement into

50



other areas of ecology by pairing an animal’s movement syndrome with other ecological data to
develop and test predictions.

Methods

Empirical Data

We gathered GPS-derived movement data for the following species: African buffalo (Syncerus
caffer), African elephant (Loxodonta africana), African wild dog (Lycaon pictus), black-backed
jackal (Canis mesomelas), California sea lion (Zalophus californianus), cheetah (Acinonyx
jubatus), Galapagos albatross (Phoebastria irrorata), Galapagos tortoise (Geochelone nigra),
African lion (Panthera leo), northern elephant seal (Mirounga angustirostris), plains zebra
(Equus quagga), springbok (Antidorcas marsupialis), and white-backed vulture (Gyps
africanus). Species were chosen to represent an array of taxa, environments, and body sizes, but
were restricted by the availability of datasets with sufficient quality in terms of resolution and
duration. All data were collected with fix intervals of 1-hour or less and subsampled to 1-hour
resolutions to achieve consistent fix rates for comparison, with the exception of Galapagos
albatross data which were collected at 90-min intervals and interpolated to a 1-hour resolution.
See Table S1 in supporting information for a detailed summary of GPS data.

Movement Metrics

We employed five metrics widely applied in current movement studies and grounded in
ecological theories of animal movement in heterogeneous landscapes. Turn angle correlation and
net-squared displacement are two central parameters in random-walk (RW) models, which are
extensively used to evaluate animal search strategies and foraging efficiency (Viswanathan et al.
1999; Bartumeus et al. 2005; Codling, Plank & Benhamou 2008; Reynolds & Rhodes 2009).
Variations of random walk models have been shown to approximate nomadic movement via
uncorrelated RWs (Bunnefeld et al. 2010), central-place foraging via biased RWs (Borger,
Dalziel & Fryxell 2008), and territorial behavior via correlated RWs (Moorcroft, Lewis &
Crabtree 2006). When spatially-explicit information about the landscape is known, ecologists
have employed a variety of time-use metrics to quantify how animals exploit resources. In
heterogeneous landscapes, for example, animals are predicted to adjust their residence times
and/or return times to a given area in response to variation in resource quality (Turchin 1991;
Barraquand & Benhamou 2008; van Moorter et al. 2015); these two properties have been linked
to emerging patterns of home range residency (van Moorter et al. 2015). Over longer timescales,
measures of home range stability, such as the amount of overlap between seasonal home ranges,
can inform theory on how animals respond to temporal predictability of resources (Alcock 2009)
and have been used to identify migration patterns (Cagnacci et al. 2015). Because movement
processes are often scale-dependent and those of a given syndrome may be observable at one or
more spatiotemporal scales (Benhamou 2013), we also considered that our metrics were relevant
over a range of timescales — in our case, hour, day, month, and lifetime of trajectory. Thus, for
each individual in our dataset, we calculated five movement metrics suitable for analysis over
these timescales as follows:
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1. Mean turn angle correlation (TAC). Following Dray et al. (2010), we calculated angular
autocorrelation S, as the sum of squares of chord distances between N successive turn angles p:

=
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1
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Thus, small chord distances resulting in low S, values correspond to high turn angle correlation
(Dray, Royer-Carenzi & Calenge 2010).

2. Mean residence time (RT). Residence time was measured as the number of hours the animal
spends inside a circle of a given radius centered on each location without leaving the radius for
more than a specified cut-off time (van Moorter et al. 2015). We tested the sensitivity of a subset
of our dataset to radii of mean step length (SL), 2 x mean SL, 4 x mean SL, and 8 x mean SL,
where SL was calculated as the mean Euclidean distance between successive relocations, and
cut-off times of 12 and 24 hours. Consistent time-use patterns were observed across these
thresholds, so following van Moorter et al. (2015), we used a radius of mean SL and a 12-hour
cut-off time.

3. Mean time-to-return (T2R). Time-to-return was measured as the number of hours the animal
spends beyond a specified cut-off time before its return to a circle of a given radius centered on
each location (van Moorter et al. 2015). We conducted the same sensitivity analysis for this
metric as above, and finding consistent patterns across thresholds, we again used a radius of
mean SL and a 12-hour cut-off time.

4. Mean volume of intersection (VI). Volume of intersection was measured by the between
monthly 95% kernel density home ranges (Millspaugh et al. 2004; Fieberg & Kochanny 2005).
Volume of intersection varies between 0 and 1, with increasing values corresponding to
increasing overlap between monthly home ranges, and is thus VI is a measure of home range
stability.

5. Maximum net squared displacement (MNSD). Maximum net squared displacement was
calculated as the maximum squared Euclidean displacement from the first relocation of the
trajectory over the full course of the trajectory (Kareiva & Shigesada 1983). To make
comparisons among individuals across species that have orders of magnitude different motion
capacities, we scaled this parameter for each individual by dividing by the smallest MNSD
observed for its species.

All movement metrics were calculated using the adehabitatLT package (Calenge 2015) in R
3.2.3.

Cluster Analysis

To elucidate any underlying structure in our dataset, we performed a principal components
analysis (PCA) on the five movement metrics calculated from our empirical datasets. PCA is a
widely used technique for summarizing a multivariate dataset into a reduced number of
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uncorrelated dimensions, or principal components, while minimizing the loss of information in
the original dataset (King & Jackson 1999). We used the Broken-stick criterion to retain
important composite (PC) axes, whereby only the eigenvalues that are greater than those
expected from a random model are considered significant. Comparative analyses of component
retention methods have shown the Broken-stick model to be among the most reliable techniques
(King & Jackson 1999; Peres-Neto, Jackson & Somers 2003). To normalize the dataset for this
analysis we first log-transformed the data, followed by centering around the mean and dividing
by the variance (Jolliffe 2014).

Finally, we applied Ward’s agglomerative hierarchical clustering algorithm to the resulting PCA
values (Ward 1963). This approach clusters the most similar pair of points based on their squared
Euclidean distance at each stage of the algorithm, and is an efficient method to identify clusters
based on minimum within-cluster variance without making an a priori determination of the
number of clusters to generate (Gordon 1987). These clusters can be viewed as functional
movement groups, analogous to functional types first theorized for plant communities, which
provide a non-phylogenetic classification based on shared responses to environmental conditions
(Gitay & Noble 1997). To determine the significance of the resulting cluster arrangement, we
calculated p-values for each cluster via multi-scale bootstrap resampling with 1000 bootstrap
replications (Shimodaira 2004). By simulating the following idealized movers and determining
their cluster assignments, we were able to identify these clusters by movement syndrome.

Simulated Data

As a baseline for comparison, we developed spatially-explicit models simulating four movement
syndromes: central place foraging, territorial, nomadic, and migratory (Fig. 1). Central place
foragers and territorial individuals were assumed to have stable home ranges, whereas nomadic
and migratory individuals moved without boundary constraints. For each syndrome, we
simulated six individuals, using rules described below. In all cases, we drew step length and
turning angle randomly from probability distributions, enabling variation in the movement paths
of individuals within the same syndrome. We simulated data for each individual for 3600 time
steps at hourly intervals, with the exception of migratory individuals, which we simulated for
7200 time steps to incorporate a return migration.

Central Place Foragers (CPF). For CPF, we assumed that resources are optimal at the center of
the home range (the ‘central place’; (Ford 1983). We drew steps within the core of the home
range from a uniform distribution and weighted them by the distance to the edge of the home
range to simulate greater space use within the core. Upon reaching the home range boundary, we
drew turning angles from a normal distribution with a mean 180° from the direction the
simulated individual was traveling rather than a uniform distribution, leading to its return to the
home range center.

Territorialists. The territorial individual functioned in an opposite fashion from CPFs in terms of
its selective use of the outer edges of its home range — in effect demarcating or defending the
territory (Giuggioli, Potts & Harris 2011). Thus, steps were weighted by the distance to the home
range center. However, turning angles were adjusted as for CPFs to maintain home range
stability.
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Nomads. We assigned these individuals randomly to one of two states: foraging or dispersing
(Morales et al. 2004). The probability of switching from one state to the other in nomads was
0.05 based on empirical estimates ranging from 0.018-0.09 (Fryxell, Wilmshurst & Sinclair
2004; Haydon et al. 2008). The foraging state was meant to simulate movement patterns in the
vicinity of high quality resources, so we applied lower weights to step sizes for the foraging state
than for the dispersing state. We drew turning angles from a uniform distribution for the foraging
state and a normal distribution for the dispersal state with a mean of the initial direction after
switching from the foraging state.

Migrants. We assigned these individuals to one of two states: sedentary or migratory (Morales et
al. 2004). In the sedentary state, we defined movement by uniform step size and turning angle
distributions. We defined the migratory state by highly directional movement, with long step
sizes and highly correlated turning angles (Dingle & Drake 2007). After an approximately four-
month period of residence, the individuals migrated for about two months before entering a
sedentary state for another four months at their new location, then returned to their origin
location over the course of a two month return migration.

Results

The first two principal components (PC) of the PCA explained 70% of the variance among the
five movement metrics and thus PC1 and PC2 were retained for the cluster analysis using the
Broken-stick criterion (Table 1). Plotting our data along the minor PC axes (PCs 3, 4, and 5) did
not provide informative clusters, suggesting that the first two PCs are sufficient for classifying
individuals by syndrome (Fig. S3). Because of evidence of collinearity between metrics (Fig.
2B), we also ran the PCA using different combinations of a reduced set of three variables (Fig.
S4). Despite potential collinearity, we found that including only three variables performed less
well than including all five, presumably because some variables play a larger role in classifying
particular syndromes than others (Fig. 3).

Using acronyms VI (Volume of Intersection), RT (Residence Time), T2R (Time-to-Return),
TAC (Turn Angle Correlation) and MNSD (Maximum Net Squared Displacement), the first PC
represented a contrast primarily between VI+RT and TAC+MNSD, with a somewhat smaller
contribution of T2R, to the latter. From left to right along PC1 were clustered CPFs/territorial
individuals, nomads, and migrants (Fig. 2B), suggesting this axis indicates a spectrum of random
walk movement from diffusive (low directional persistence) to advective (high directional
persistence) movement (Codling, Plank & Benhamou 2008).

The second PC represented a contrast primarily between T2T and TAC+MNSD. Along PC2
territorial individuals had low values and CPFs had high values, suggesting this axis indicates a
continuum of low to high repeated use of resources, as territorial animals may limit returns to
previously visited sites in exchange for patrolling a greater proportion of their territory
(Giuggioli, Potts & Harris 2011), while CPFs by definition have high site fidelity and return rates
to their ‘central place’ (Ford 1983). There is also a clear trend along this axis differentiating
terrestrial species and marine species. Marine species — here, migratory Northern elephant seals
and central placing foraging Galapagos albatrosses and California sea lions — had lower mean
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T2R and higher MNSD and TAC than their terrestrial counterparts. These differences are likely
due to the high motion capacity of marine organisms (Nathan et al. 2008), facilitation of
movement in air and water with few static barriers requiring circumnavigation (Shillinger et al.
2012), and greater dispersion of resources in pelagic environments (Sorte 2012).

The cluster analysis identified four statistically significant groupings (Fig. 2A). All individuals of
the four simulated movement syndromes fell into separate groups (see Fig. S1 for a full
dendrogram displaying individual leaves within clusters), suggesting each grouping represents a
different movement syndrome. The heights of the associated dendrogram branches correspond to
the squared Euclidean distances between clusters in PCA-defined movement ecology space (Fig.
2B). Thus, clusters that diverge at lower heights (have shorter branches) have greater similarity.
Multiple species were represented in more than one cluster, showing that more than one
movement syndrome may occur within a monospecific population (Table 2; Fig. S1).

Analysis of the movement metrics for each cluster revealed distinct differences between putative
syndromes (Fig. 3). Specifically, individuals in the migrant cluster had the highest average turn
angle correlation, times to return, and maximum net squared displacement, and the lowest
average residence times and volume of intersection. In contrast, individuals in the central place
cluster had the highest average RT and VI and lowest T2R. Individuals in the territorial cluster
had next-to-highest T2R and V1, and lowest MNSD. Finally, individuals in the nomadic cluster
had intermediate values for all metrics.

Discussion

A generalized understanding of the basic mechanisms underlying broad movement patterns
across taxa is limited by the species-specific nature of movement studies, often due to constraints
in funding or feasibility (Holyoak et al. 2008). By combining movement data from 13
taxonomically diverse species with simulated movement trajectories constructed for the four
syndromes, we show that a simple set of metrics provides a framework that we can use to
reliably classify the trajectories of organisms over large time scales into movement syndromes.
Our analysis found that movement syndromes transcend species membership and revealed that
similar movement patterns and properties recur in highly disparate ecological systems. The
movement syndromes were conserved across ecotype, even though marine systems change more
rapidly than terrestrial habitats (Scales et al. 2016). Ultimately, classifying individuals by
movement syndromes provides a window to predicting spatial and broader life history patterns.

Importantly, our movement syndrome classifications did not simply divide by species
membership, but instead indicated movement strategies common across individuals within their
syndrome cluster. For some species, such as the black-backed jackal, all individuals were
assigned to the same syndrome (Table 2). For other species, assignments were made to more
than one syndrome. For instance, half of the Galapagos tortoises in our dataset exhibited seasonal
altitudinal migrations (Blake et al. 2012) and were appropriately classified as migrants while the
remaining resident tortoises were classified as CPFs (see Fig. S5 for movement paths). This
highlights the value of examining intraspecific variability in movement behavior when assessing
population-level movement patterns. It also emphasizes the need to consider the degree to which
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populations of a species contain multiple movement syndromes, particularly when developing
conservation and management plans.

No single metric could be used to distinguish the four movement syndromes, suggesting that
these metrics must be assessed in concert. While significant headway has been made applying a
single statistic such as Net Squared Displacement to differentiate between sedentary home range
behavior, migration and nomadism in a single taxon (Bastille-Rousseau et al. 2016),
distinguishing between more complex forms of sedentary behavior such as territoriality versus
central place foraging, and among disparate taxa, is a greater challenge. Thus, we recommend
evaluating movement with multiple metrics in order to capture metric- or scale-dependent
patterns. Our choices of metrics reflect those prevalent in current studies of movement ecology
and were selected to represent multiple time scales of analysis relevant to resource use on land-
and seascapes. Our results indicate that the metrics used here can serve as informative synoptic
measures to classify a broad array of organisms into movement syndromes. However, future
research should test the utility of other movement metrics in classifying organisms into
additional meaningful classes in ecology.

For any given individual movement trajectory, our approach provides a method for

quantifying the degree of intermediacy among syndromes, akin to fractional trophic levels in
community ecology (Pauly et al. 1998). This quantification is achieved by comparing the relative
distance measured in terms of node heights within the dendrogram where the trajectory diverges
from two different syndrome clusters. The “degree of intermediacy” can be defined in terms of
ratios of the distances among neighboring clusters (measured by going ‘down’ or ‘up and then
down’ the relevant node heights, as illustrated in Fig. S7). For purposes of discussion, we define
the lowest node that includes all the simulated cases from one syndrome as the “strict cluster
node.” If a particular trajectory is contained within this “strict syndrome cluster” then, following
phylogenetic practices, we classify it as being that syndrome sensu stricto. On the other hand,

if a particular trajectory falls outside the strict syndrome cluster but within the

greater syndrome cluster (cf. Fig. S7), then we classify this trajectory as being the

syndrome sensu lato. In this case, we can take the further step of calculating the relative distance
of that trajectory’s node to its defining Ssensu stricto cluster node compared with its distance to
another sensu stricto cluster nodes. To illustrate using our dendrogram in Fig. S1, the trajectory
of Elephant Seal #13 (ES13) is migrant (MG) sensu stricto. In contrast, African Wild Dog #5
(WDO05) is CPF sensu lato, but because its distance to the CP node is roughly 4 and to the strict
territorial (TE), nomad (NM), and migrant (MG) nodes are roughly 9, 9 and 17 respectively, we
can make statements such as, this individual’s trajectory is 9/4=2.25 times more CPF-like than
TE- or MN-like, and 17/4=4.25 times more CPF- than MG-like.

While we cannot validate the classification of each study animal in our dataset, their assignments
are consistent with how we understand their movement processes, such as the tortoise
assignments described above (Blake et al. 2012). A priori predictions for individual African wild
dogs, lions and cheetahs based on behavioral observations made during movement data
collection also match their classifications (Botswana Predator Conservation Trust, personal
communication). Because the classification scheme is determined by our syndrome simulations,
assignments may exist that are contrary to expectations and these may prompt deeper
investigation into the ecology of the study system. For example, all of the California sea lions in
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our dataset were breeding females restricted to central place foraging and were correctly
assigned as CPFs except one: this individual exhibited foraging trips an order of magnitude
greater in distance than its conspecifics, and as a result was classified as a migrant (Table 2; see
Fig. S6 for movement paths). This result could subsequently direct researchers to more closely
examine the behavior and ecology driving this intraspecific variation in foraging pattern.

It is important to note that individuals may transition between syndromes seasonally or during
different life stages. One such example (not analyzed here) is the Pacific salmon (Oncorhynchus
spp.), which undertakes a one-time migration as juveniles (Quinn 2005). Individuals can also
experience seasonal transitions, such as male springbok that enter a highly territorial phase
(Lyons, Turner & Getz 2013) or pelagic seabirds that become CPFs (Shaffer et al. 2006; Kappes
et al. 2015) during their breeding season. These transitions can explain why some individuals
within a species that have the same life history pattern may be categorized differently, or appear
at the interface between two syndromes. For example, among African wild dogs, which have
annual denning periods during which they are restricted to central place foraging (Mbizah et al.
2014), most were classified as CPFs while some were classified as territorial and one was
nomadic (Table 2). These differences can reasonably be explained by the life history stage of an
individual during data collection. Developing methods for dividing an individual’s movement
path into constituent movement syndromes is an arena ripe for future research.

Our findings reveal that a relatively simple set of metrics can reliably predict movement
syndromes across taxa, environments, and spatial scales. By linking movement with higher-level
patterns of organization, we open the way to further studies relating movement syndromes to life
history traits, such as examining the extent to which traits can be inferred from belonging to
different movement syndromes. This has important implications for current attempts to
incorporate species traits into climate change predictions (Angert et al. 2011). For example, the
inclusion of coarse classifications of species’ movement capacities (permanent resident, short-
distance migrant, and long-distance migrant) into species distribution models has been shown to
improve predictions of the probability of range shifts in response to climate change (Tingley et
al. 2012). The movement syndrome concept can also inform predictions in a number of other
areas of ecological research. For example, movement syndromes can be applied to macroecology
to test whether species-area relationships vary between syndromes, in parallel to how they are
expected to vary among taxa or geographic regions (Rosenzweig 1995). Classifying organisms
by movement syndrome can also inform predictions regarding the spatial dynamics of invasive
species and disease ecology (Peterson 2003; 2008) as well as the spatial distribution of resources
in the organism’s environment (Turner 1989). Moreover, movement syndrome types could be
informative for conservation biology, for example in assessing landscape connectivity solutions
for each generalized syndrome when assessments for thousands of individual species are not
feasible. To our knowledge, this is the first attempt to summarize measures of animal movement
into broad movement syndromes evident across diverse systems — a framework that forges new
links between movement pattern and process and that enables the generation of new insights into
multiple aspects of ecology and conservation biology.
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Table 1. Contributions of variables to and cumulative percentage of variance explained by
principal components. Significant components based on the Broken-stick criterion and retained

for the cluster analysis are shaded.

PC1 PC2 PC3 PC4 PC5
Turn Angle Correlation 0.47 0.47 -0.12 -0.55 -0.50
Residence Time -0.46 0.17 0.72 0.04 -0.50
Time-to-Return 0.35 -0.68 0.46 -0.45 0.08
VVolume of Intersection -0.50 0.23 -0.00 -0.67 0.49
Maximum Net Squared 0.44 0.48 0.51 0.21 0.51
Displacement
Cumulative Percentage of 51.5% 70.1% 84.4% 94.8% 100%

Variance Explained
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Table 2. Summary of 130 individuals within 13 species analyzed into cluster classifications.

Species N individuals Migratory Central place Nomadic Territorial
African buffalo 5 - - 2 3
African elephant 8 - 1 4 3
African wild dog 13 - 9 1 3
Black-backed jackal 15 - 15 - -
California sea lion 15 1 14 - -
Cheetah 5 - - - 5
Galapagos albatross 8 - 8 - -
Galapagos tortoise 8 4 4 - -
Lion 9 - 1 1 7
N. elephant seal 15 15 - - -
Plains zebra 9 - 6 3
Springbok 10 2 4 -
White-backed vulture 10 - 2 3 5
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Central place Territorial

10 km

Nomad Migrant

200 km

Figure 1. Sample path simulations for four idealized movement syndromes. Movement paths
begin at the blue triangle and end at the red square.
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Supplementary Material

Table S1. Summary and sources of GPS data used in analyses.

Duration
Species N individuals Total fixes (mo.) Source
African buffalo 5 14449 5122 Bar-David et al. 2009
African elephant 8 93590 175+5.2 Unpublished*
African wild dog 13 (1 per pack) 55675 7+£23 Abrahms et al. 2016
Black-backed jackal 15 98691 9.4+4.7 Bellan et al. 2012
California sea lion 15 34088 24+0.3 Unpublished!
Cheetah 5 25421 7+£36 Wilson et al. 2014
Galapagos albatross 8 17123 3+09 Dodge et al. 2013
Galapagos tortoise 8 103663 18+2.7 Blake et al. 2013
Lion 9 41278 7+3.3 Unpublished?
N. elephant seal 15 120353 7505 Robinson et al. 2012
Springbok 10 59608 8.7+£23 Lyons et al. 2013
White-backed vulture 10 30454 85+49 Spiegel et al. 2013
Zebra 9 67835 118+3.1 Unpublished?®

!Daniel P. Costa, Department of Ecology and Evolutionary Biology, University of California-Santa Cruz,
costa@ucsc.edu

2Alan M. Wilson, Structure & Motion Lab, Royal Veterinary College, University of London,
awilson@rvc.ac.uk

®Royi Zidon, Department of Evolution, Systematics and Ecology, Hebrew University of Jerusalem,
royi_zidon@yahoo.com

“Miriam Tsalyuk, Minerva Center for Movement Ecology, Ben-Gurion University of the Negev,
miri.tsa@gmail.com
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displaying results of Ward
hierarchical cluster analysis
of all individuals based on
PC1 and PC2 values. All
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four clusters, which can be
considered movement
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Figure S2. Scatterplot of individuals based on PCA-defined axes. Simulated individuals are
plotted for reference, although not included in the PCA.
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Figure S4. Scatterplots of classified individuals in PCA-defined axes based on a reduced set of
three metrics to explore effects of collinearity between metrics: A) Residence Time (RT), Time-
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Figure S5. Movement paths of GPS-tracked resident (Tortoise 01, 03, 04, 08) and migratory
Galapagos tortoises (Tortoise 02, 05-07). Movement paths begin at the blue triangle and end at
the red square.
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Figure S6. Movement paths of GPS-tracked California sea lions. Data were collected from
females over a 3-month breeding period between November-February during which they
exhibited central place foraging from the breeding colony. All individuals were appropriately
classified as central place foragers except Sea Lion 10, which was classified as a migrant.
Movement paths begin at the blue triangle and end at the red square.
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5. Conclusions
Key Findings

At a global scale, conservation efforts in response to habitat alteration are arguably the most
critical element of any strategy for protecting biodiversity. Therefore, research advancing our
understanding of animal movement and landscape connectivity is imperative. The body of work
presented in this dissertation provides several new approaches for increasing our understanding
of the ecology and conservation of wildlife movement, and in particular for measuring wildlife
responses to environmental change. Moreover, understanding the nature and drivers of
behavioral modification in response to human disturbance is important for predicting how
increased human activity will affect species.

My second chapter clearly showed that how animals respond to features in their environment
(e.g., resource patches, anthropogenic features) can greatly depend on their behavioral state
during which the landscape feature is encountered. My analyses using GPS and accelerometer
data from thirteen African wild dogs showed revealed strong patterns of road selection when
traveling, ignoring roads when high-speed running, and road avoidance when resting. Yet a key
finding from this study was that these distinctions were not evident when analyzing all
movement data in a single resource selection function, which is the status quo in resource
selection studies. Thus, to fully understand how an anthropogenic landscape feature affects
movements of wildlife populations, patterns of resource selection should be explicitly linked
with behavioral states.

In my third chapter, | extended these findings to show how behaviorally-mediated patterns of
resource selection play out in a landscape connectivity modeling context. | tested behavior-
specific predictions of connectivity with long-distance dispersal movements of African wild
dogs, which demonstrated that including only directed-movement behavior when measuring
resource selection reveals far more accurate patterns of landscape connectivity than a model
measuring resource selection independent of behavioral state. Results from this work can be
directly applied in Botswana to make conservation recommendations to mitigate existing
movement barriers or to protect key areas for landscape connectivity against future development
for African wild dogs. | also conducted a systematic review of connectivity literature that
revealed that most of the research done to date has superficially considered all animal location
data as representative of resource selection patterns, despite the fact that an animal’s behavioral
state has been shown to be an important component of resource selection and space use. A key
conclusion from this work is that researchers and conservation practitioners should be aware
resource selection within an animal’s home range is not always a suitable proxy for movement
preference during dispersal, and failure to recognize this distinction may have important
consequences for preserving landscape connectivity. Together, my second and third chapters
highlight the value of incorporating behavioral information into conservation planning, and
provide approaches for better linking behavior with resource selection and connectivity analyses
in future efforts.

My fourth chapter identifies a framework for classifying individual animals by broad-scale
movement patterns. For this | combined GPS movement data from 13 species in three taxonomic
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classes with computer-simulated idealized movement paths. A central finding from this work is
that a simple set of metrics can reliably classify broad-scale movement patterns like migration,
nomadism, or territoriality across a wide range of vertebrate taxa in both terrestrial and marine
environments. This classification scheme can inform predictions in multiple areas of ecological
research. For example, an individual or species’ movement classification can inform predictions
on how it will respond to climate change or its invasion potential in an exotic environment. In
addition, this work provides researchers with a standardized set of metrics for expediently
analyzing animal trajectories of any species over time to detect any changes in movement pattern
that may be indicative of environmental change.

Taken together, my dissertation sheds light on the processes shaping animal movement patterns,
with applications to landscape connectivity science and predicting impacts of human-driven
environmental changes.

Future Research

A few directions for future research emerge from the results of this work, while at the same time
advances in monitoring technology are fostering new opportunities to study animal movement
that promise to enhance biodiversity conservation. First, a significant challenge to current
approaches in connectivity modeling that my dissertation did not address is the static treatment
of the landscapes considered in the modeling process. Current trends in characterizations of
animal space use and connectivity science do not account for dynamic fluctuations in the
environment at multiple temporal scales, such as seasonal changes in vegetation or species
distributions, or long-term changes in land-use and/or climate, because this is computationally
challenging (Roshier & Reid 2003; Zeller, McGarigal & Whiteley 2012). Connectivity methods
rely instead on stationary images of remotely sensed landscapes, despite recognition that few
landscapes are static through time (Beier et al. 2011; Rudnick et al. 2012). This challenge is
exemplified in my study system, the Okavango Delta, where dramatic seasonal fluctuations in
hydrography influence the permeability of the landscape to wildlife populations. The seasonal
Delta flood has been shown to create a temporarily impermeable barrier for all large carnivore
species except lions from June to September (Cozzi et al. 2013). Geophysical constraints due to
the flood system may therefore seasonally restrict both home range extents and dispersal paths.
Thus, assuming that environments are static may result in a limited or even spurious
understanding of animal space use. When applied to connectivity planning, assumptions of static
environments may lead to inaccurate designation of wildlife corridors or corridors that only
provide temporary windows of connectivity (Zeigler & Fagan 2014). Development of methods to
overcome this limitation, such as dynamic resistance surfaces that can identify regions on a
landscape where planners may expect high variability in contributions to connectivity, is an
important next step.

Similarly, accounting for spatiotemporal variation not only in the physical environment, but also
in the effects of interspecific interactions, could help inform a more biologically relevant
framework for modeling animal movement and landscape connectivity. Resistance surface
modeling seeks to bridge classic metrics of structural landscape connectivity with functional
connectivity by including species-specific ecological information such as dispersal ability
(Rudnick et al. 2012). However, many ecological processes that likely affect movement choices
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are often omitted from models as they are difficult to quantify and map, and linking behavioral
ecology with connectivity science is recognized as a need for future research (Rudnick et al.
2012). In particular, interspecific competition and predation significantly alter animal behavior
and movement over multiple spatial scales (Fortin et al. 2005; Broekhuis et al. 2013). This
understanding has been conceptualized as a “landscape of fear”, in which relative levels of
predation risk are represented as “peaks and valleys that reflect the level of fear of predation a
prey experiences in different parts of its area of use” (Laundré, Herndndez & Ripple 2010). In
my study system, African wild dogs are limited by direct predation and competition by lions and
hyenas, and are known to avoid these sympatric predators when there is immediate risk of
encounters (Webster, McNutt, and McComb 2012). Future research should explore the utility of
a marriage between landscape of fear and connectivity approaches to assess the effects of
including interspecific interactions in resistance surface modeling predictions.

Finally, scientific culture and practices from the disciplines of landscape ecology and marine, or
‘seascape’, ecology could undoubtedly better speak to and inform one another. Methods for
dealing with the extreme dynamism inherent in seascape ecology, such as the pairing of animal
locations with real-time oceanographic conditions (Block et al. 2011) and the development of
dynamic ocean management (Lewison et al. 2015), could aid in the development of dynamic
landscape connectivity modeling as described above. On the other hand, most analyses of
connectivity in marine environments rely on estimates of genetic distances between populations
that supply a low-resolution understanding of seascape connectivity (Thomas et al. 2015).
Resistance surface modeling borrowed from landscape ecology could offer a more detailed and
management-relevant understanding of connectivity between marine populations or
oceanographic features (Caldwell & Gergel 2013). Studies bridging the disciplines of landscape
and seascape ecology are rare, and further investigation is needed on what can and cannot
translate between fields (Manderson 2016), but strengthening their cross pollination holds
promise in improving both terrestrial and marine spatial planning for the conservation of
biodiversity.

74



References

Abrahms, B., Jordan, N.R., Golabek, K.A., McNutt, J.W., Wilson, A.M. & Brashares, J.S. (2016)
Lessons from integrating behaviour and resource selection: activity-specific responses of
African wild dogs to roads. Animal Conservation, 19, 247-255.

Adriaensen, F., Chardon, J.P., De Blust, G., Swinnen, E., Villalba, S., Gulinck, H. & Matthysen,
E. (2003) The application of ‘least-cost” modelling as a functional landscape model.
Landscape and Urban Planning, 64, 233-247.

Alcock, J. (2009) Choosing where to live. Animal behavior: an evolutionary approach, 9 ed pp.
249-284. Sunderland, MA.

Angert, A.L., Crozier, L.G., Rissler, L.J., Gilman, S.E., Tewksbury, J.J. & Chunco, A.J. (2011)
Do species’ traits predict recent shifts at expanding range edges? Ecology Letters, 14, 677—
689.

Barraquand, F. & Benhamou, S. (2008) Animal movements in heterogeneous landscapes:
identifying profitable places and homogeneous movement bouts. Ecology, 89, 3336-3348.

Bartumeus, F., da Luz, M.G.E., Viswanathan, G. & Catalan, J. (2005) Animal search strategies: a
guantitative random-walk analysis. Ecology, 86, 3087-3087.

Bastille-Rousseau, G., Potts, J.R., Yackulic, C.B., Frair, J.L., Ellington, E.H. & Blake, S. (2016)
Flexible characterization of animal movement pattern using net squared displacement and a
latent state model. Movement Ecology, 4, 19052—35.

Beier, P., Majka, D.R. & Newell, S.L. (2009) Uncertainty analysis of least-cost modeling for
designing wildlife linkages. Ecological Applications, 19, 2067-2077.

Beier, P., Majka, D.R. & Spencer, W.D. (2008) Forks in the Road: Choices in Procedures for
Designing Wildland Linkages. Conservation Biology, 22, 836-851.

Beier, P., Spencer, W., Baldwin, R.F. & McRae, B.H. (2011) Toward Best Practices for
Developing Regional Connectivity Maps. Conservation Biology, 25, 879-892.

Benhamou, S. (2013) Of scales and stationarity in animal movements (ed R Nathan). Ecology
Letters, 17, 261-272.

Blake, S., Yackulic, C.B., Cabrera, F., Tapia, W., Gibbs, J.P., Kiimmeth, F. & Wikelski, M.
(2012) Vegetation dynamics drive segregation by body size in Galapagos tortoises migrating
across altitudinal gradients (ed J Fryxell). Journal of Animal Ecology, 82, 310-321.

Block, B.A., Jonsen, I.D., Jorgensen, S.J., Winship, A.J., Shaffer, S.A., Bograd, S.J., Hazen,
E.L., Foley, D.G., Breed, G.A., Harrison, A.L., Ganong, J.E., Swithenbank, A., Castleton,
M., Dewar, H., Mate, B.R., Shillinger, G.L., Schaefer, K.M., Benson, S.R., Weise, M.J.,
Henry, R.W. & Costa, D.P. (2011) Tracking apex marine predator movements in a dynamic

75



ocean. Nature, 475, 86-90.

Bost, C.A., eacute, C.C., Terray, P., Barbraud, C., Bon, C.E.C., Delord, K., Gimenez, O.,
Handrich, Y., Naito, Y., Guinet, C. & Weimerskirch, H. (2015) Large-scale climatic
anomalies affect marine predator foraging behaviour and demography. Nature
Communications, 6, 1-9.

Borger, L., Dalziel, B.D. & Fryxell, J.M. (2008) Are there general mechanisms of animal home
range behaviour? A review and prospects for future research. Ecology Letters, 11, 637—650.

Braaker, S., Moretti, M., Boesch, R., Ghazoul, J., Obrist, M.K. & Bontadina, F. (2014) Assessing
habitat connectivity for ground-dwelling animals in an urban environment. Ecological
Applications, 24, 1583-1595.

Brodie, J.F., Giordano, A.J., Dickson, B., Hebblewhite, M., Bernard, H., Mohd-Azlan, J.,
Anderson, J. & Ambu, L. (2014) Evaluating multispecies landscape connectivity in a
threatened tropical mammal community. Conservation Biology, 29, 122-132.

Brown, D.D., Kays, R. & Wikelski, M. (2013) Observing the unwatchable through acceleration
logging of animal behavior. Animal Biotelemetry, 1, 1-16.

Bunnefeld, N., Bérger, L., van Moorter, B., Rolandsen, C.M., Dettki, H., Solberg, E.J. &
Ericsson, G. (2010) A model-driven approach to quantify migration patterns: individual,
regional and yearly differences. Journal of Animal Ecology, 80, 466-476.

Burnham, K.P. & Anderson, D.R. (2002) Model Selection and Multi- Model Inference: a
Practical Information-Theoretic Approach. Springer Verlag, New York.

Cagnacci, F., Focardi, S., Ghisla, A., van Moorter, B., Merrill, E.H., Gurarie, E., Heurich, M.,
Mysterud, A., Linnell, J., Panzacchi, M., May, R., Nygard, T., Rolandsen, C. &
Hebblewhite, M. (2015) How many routes lead to migration? Comparison of methods to
assess and characterize migratory movements (ed L Borger). Journal of Animal Ecology, 85,
54-68.

Caldwell, I.R. & Gergel, S.E. (2013) Thresholds in seascape connectivity: influence of mobility,
habitat distribution, and current strength on fish movement. Landscape Ecology, 28, 1937—
1948.

Calenge, C. (2015) Analysis of Animal Movements in R: the adehabitatL T Package.

Carvalho, F., Carvalho, R., Mira, A. & Beja, P. (2015) Assessing landscape functional
connectivity in a forest carnivore using path selection functions. Landscape Ecology, 31,
1021-1036.

Chetkiewicz, C.-L.B. & Boyce, M.S. (2009) Use of resource selection functions to identify
conservation corridors. Journal of Applied Ecology, 46, 1036-1047.

Clark, J.D., Laufenberg, J.S., Davidson, M. & Murrow, J.L. (2015) Connectivity among

76



subpopulations of louisiana black bears as estimated by a step selection function. The
Journal of Wildlife Management, 79, 1347-1360.

Clobert, J., Danchin, E., Dhondt, A.A. & Nichols, J.D. (eds). (2001) Dispersal. Oxford
University Press, Oxford.

Codling, E.A., Plank, M.J. & Benhamou, S. (2008) Random walk models in biology. Journal of
The Royal Society Interface, 5, 813-834.

Courchamp, F., Clutton-Brock, T. & Grenfell, B. (1999) Inverse density dependence and the
Allee effect. Trends in Ecology & Evolution, 14, 405-410.

Courchamp, F., Clutton-Brock, T. & Grenfell, B. (2000) Multipack dynamics and the Allee
effect in the African wild dog, Lycaon pictus. Animal Conservation, 3, 277-285.

Cozzi, G., Broekhuis, F., McNutt, J.W. & Schmid, B. (2013) Comparison of the effects of
artificial and natural barriers on large African carnivores: Implications for interspecific
relationships and connectivity (ed J Fryxell). Journal of Animal Ecology, 82, 707—715.

Creel, S. & Creel, N.M. (1996) Limitation of African wild dogs by competition with larger
carnivores. Conservation Biology, 10, 526-538.

Creel, S. & Creel, N.M. (1998) Six ecological factors that may limit African wild dogs, Lycaon
pictus. Animal Conservation, 1, 1-9.

Creel, S. & Creel, N.M. (2002) The African Wild Dog. Princeton University Press.

Creel, S. & Creel, N.M. (2015) Opposing effects of group size on reproduction and survival in
African wild dogs. Behavioral Ecology.

Cristescu, B., Stenhouse, G.B. & Boyce, M.S. (2015) Predicting multiple behaviors from GPS
radiocollar cluster data. Behavioral Ecology, 26, 452-464.

Cushman, S.A. & Lewis, J.S. (2010) Movement behavior explains genetic differentiation in
American black bears. Landscape Ecology, 25, 1613-1625.

Cushman, S.A., McKelvey, K.S., Hayden, J. & Schwartz, M.K. (2006) Gene Flow in Complex
Landscapes: Testing Multiple Hypotheses with Causal Modeling. The American Naturalist,
168, 486-499.

Czech, B. & Krausman, P.R. (1997) Distribution and causation of species endangerment in the
United States. Science, 277, 1116-1117.

Davies-Mostert, H.T., Kamler, J.F., Mills, M.G.L., Jackson, C.R., Rasmussen, G.S.A., Groom,
R.J. & Macdonald, D.W. (2012) Long-distance transboundary dispersal of African wild dogs
among protected areas in southern Africa. African Journal of Ecology, 50, 500-506.

Dingle, H. (2006) Animal migration: is there a common migratory syndrome? Journal of

77



Ornithology, 147, 212-220.
Dingle, H. & Drake, V.A. (2007) What Is Migration? BioScience, 57, 113-121.

Dray, S., Royer-Carenzi, M. & Calenge, C. (2010) The exploratory analysis of autocorrelation in
animal-movement studies. Ecological Research, 25, 673-681.

Elliot, N.B., Cushman, S.A., Macdonald, D.W. & Loveridge, A.J. (2014) The devil is in the
dispersers: predictions of landscape connectivity change with demography. Journal of
Applied Ecology, 51, 1169-1178.

Epps, C.W., Wehausen, J.D., Bleich, V.C., Torres, S.G. & Brashares, J.S. (2007) Optimizing
dispersal and corridor models using landscape genetics. Journal of Applied Ecology, 44,
714-724.

Estes, J.A., Terborgh, J., Brashares, J.S., Power, M.E., Berger, J., Bond, W.J., Carpenter, S.R.,
Essington, T.E., Holt, R.D., Jackson, J.B.C., Marquis, R.J., Oksanen, L., Oksanen, T., Paine,
R.T., Pikitch, E.K., Ripple, W.J., Sandin, S.A., Scheffer, M., Schoener, T.W., Shurin, J.B.,
Sinclair, A.R.E., Soule, M.E., Virtanen, R. & Wardle, D.A. (2011) Trophic Downgrading of
Planet Earth. Science, 333, 301-306.

Fahrig, L. (2003) Effects of habitat fragmentation on biodiversity. Annual Review of Ecology,
Evolution, and Systematics, 34, 487-515.

Fattebert, J., Robinson, H.S., Balme, G., Slotow, R. & Hunter, L. (2015) Structural habitat
predicts functional dispersal habitat of a large carnivore: how leopards change spots.
Ecological Applications, 25, 1911-1921.

Fieberg, J. & Kochanny, C.O. (2005) Quantifying home-range overlap: the importance of the
utilization distribution. Journal of Wildlife Management, 69, 1346-1359.

Ford, G.R. (1983) Home range in a patchy environment: optimal foraging predictions. American
Zoologist, 23, 315-326.

Forister, M.L., McCall, A.C., Sanders, N.J., Fordyce, J.A., Thorne, J.H., O'Brien, J., Waetjen,
D.P. & Shapiro, A.M. (2010) Compounded effects of climate change and habitat alteration
shift patterns of butterfly diversity. Proceedings of the National Academy of Sciences, 107,
2088-2092.

Fortin, D., Beyer, H.L., Boyce, M.S., Smith, D.W., Duchesne, T. & Mao, J.S. (2005) Wolves
influence elk movements: Behavior shapes a trophic cascade in Yellowstone National Park.
Ecography, 86, 1320-1330.

Fryxell, J.M., Wilmshurst, J.F. & Sinclair, A.R.E. (2004) Predictive models of movement by
Serengeti grazers. Ecography, 85, 2429-2435.

Gaston, A. & Cabrera, S.B. (2016) Response to agriculture by a woodland species depends on
cover type and behavioural state: insights from resident and dispersing Iberian lynx. Journal

78



of Applied Ecology.

Gilbert-Norton, L., Wilson, R., Stevens, J.R. & Beard, K.H. (2010) A Meta-Analytic Review of
Corridor Effectiveness. Conservation Biology, 24, 660-668.

Gitay, H. & Noble, I.R. (1997) What are functional types and how should we seek them? Plant
functional types- their relevance to ecosystem properties and global change (eds T.M.
Smith, H.H. Shugart & F.I. Woodward Cambridge.

Giuggioli, L., Potts, J.R. & Harris, S. (2011) Animal Interactions and the Emergence of
Territoriality. PLoS Computational Biology, 7, €1002008.

Glista, D.J., DeVault, T.L. & DeWoody, J.A. (2009) A review of mitigation measures for
reducing wildlife mortality on roadways. Landscape and Urban Planning, 91, 1-7.

Gordon, A.D. (1987) A review of hierarchical classification. Journal of the Royal Statistical
Society A, 150, 119-137.

Graves, T.A., Beier, P. & Royle, J.A. (2013) Current approaches using genetic distances produce
poor estimates of landscape resistance to interindividual dispersal. Molecular Ecology, 22,
3888-3903.

Haddad, N.M., Bowne, D.R., Cunningham, A., Danielson, B.J., Levey, D.J., Sargent, S. & Spira,
T. (2003) Corridor Use by Diverse Taxa. Ecography, 84, 609-615.

Hanski, 1. (1998) Metapopulation dynamics. Nature, 395, 41-49.

Harju, S.M., Olson, C.V., Dzialak, M.R., Mudd, J.P. & Winstead, J.B. (2013) A Flexible
Approach for Assessing Functional Landscape Connectivity, with Application to Greater
Sage-Grouse (Centrocercus urophasianus). PLoS ONE, 8, e82271-11.

Harrison, P. & Mabharaj, B. (2013) Tourism Impacts on Subsistence Agriculture: A Case Study of
the Okavango Delta, Botswana. J Hum Ecol, 43, 29-39.

Harrison, R.L. (1992) Toward a theory of inter-refuge corridor design. Conservation Biology, 6,
293-295.

Haydon, D.T., Morales, J.M., Yott, A., Jenkins, D.A., Rosatte, R. & Fryxell, J.M. (2008)
Socially informed random walks: incorporating group dynamics into models of population
spread and growth. Proceedings of the Royal Society B: Biological Sciences, 275, 1101—
11009.

Hays, G.C., Ferreira, L.C., Sequeira, A.M.M., Meekan, M.G., Duarte, C.M., Bailey, H., Bailleul,
F., Bowen, W.D., Caley, M.J., Costa, D.P., Eguiluz, V.M., Fossette, S., Friedlaender, A.S.,
Gales, N., Gleiss, A.C., Gunn, J., Harcourt, R., Hazen, E.L., Heithaus, M.R., Heupel, M.,
Holland, K., Horning, M., Jonsen, I., Kooyman, G.L., Lowe, C.G., Madsen, P.T., Marsh, H.,
Phillips, R.A., Righton, D., Ropert-Coudert, Y., Sato, K., Shaffer, S.A., Simpfendorfer, C.A.,
Sims, D.W., Skomal, G., Takahashi, A., Trathan, P.N., Wikelski, M., Womble, J.N. &

79



Thums, M. (2016) Key Questions in Marine Megafauna Movement Ecology. Trends in
Ecology & Evolution, 1-13.

Hazen, E.L., Jorgensen, S., Rykaczewski, R.R., Bograd, S.J., Foley, D.G., Jonsen, I.D., Shaffer,
S.A., Dunne, J.P., Costa, D.P., Crowder, L.B. & Block, B.A. (2012) Predicted habitat shifts
of Pacific top predators in a changing climate. Nature Climate Change, 2, 1-5.

Heller, N.E. & Zavaleta, E.S. (2009) Biodiversity management in the face of climate change: A
review of 22 years of recommendations. Biological Conservation, 142, 14-32.

Hendrick, P.W. (2005) Genetics of Populations. Jones and Bartlett Publishers, Boston.

Hoffmann, M., Hilton-Taylor, C., Angulo, A., Bohm, M., Brooks, T.M., Butchart, S.H.M.,
Carpenter, K.E., Chanson, J., Collen, B., Cox, N.A., Darwall, W.R.T., Dulvy, N.K,,
Harrison, L.R., Katariya, V., Pollock, C.M., Quader, S., Richman, N.I., Rodrigues, A.S.L.,
Tognelli, M.F., Vié, J.-C., Aguiar, J.M., Allen, D.J., Allen, G.R., Amori, G., Ananjeva, N.B.,
Andreone, F., Andrew, P., Aquino Ortiz, A.L., Baillie, J.E.M., Baldi, R., Bell, B.D., Biju,
S.D., Bird, J.P., Black-Decima, P., Blanc, J.J., Bolafios, F., Bolivar-G, W., Burfield, 1.J.,
Burton, J.A., Capper, D.R., Castro, F., Catullo, G., Cavanagh, R.D., Channing, A., Chao,
N.L., Chenery, A.M., Chiozza, F., Clausnitzer, V., Collar, N.J., Collett, L.C., Collette, B.B.,
Cortez Fernandez, C.F., Craig, M.T., Crosby, M.J., Cumberlidge, N., Cuttelod, A., Derocher,
A.E., Diesmos, A.C., Donaldson, J.S., Duckworth, J.W., Dutson, G., Dutta, S.K., Emslie,
R.H., Farjon, A., Fowler, S., Freyhof, J., Garshelis, D.L., Gerlach, J., Gower, D.J., Grant,
T.D., Hammerson, G.A., Harris, R.B., Heaney, L.R., Hedges, S.B., Hero, J.-M., Hughes, B.,
Hussain, S.A., Icochea M, J., Inger, R.F., Ishii, N., Iskandar, D.T., Jenkins, R.K.B., Kaneko,
Y., Kottelat, M., Kovacs, K.M., Kuzmin, S.L., La Marca, E., Lamoreux, J.F., Lau, M.W.N.,
Lavilla, E.O., Leus, K., Lewison, R.L., Lichtenstein, G., Livingstone, S.R., Lukoschek, V.,
Mallon, D.P., McGowan, P.J.K., Mclvor, A., Moehlman, P.D., Molur, S., Mufioz Alonso,
A., Musick, J.A., Nowell, K., Nussbaum, R.A., Olech, W., Orlov, N.L., Papenfuss, T.J.,
Parra-Olea, G., Perrin, W.F., Polidoro, B.A., Pourkazemi, M., Racey, P.A., Ragle, J.S., Ram,
M., Rathbun, G., Reynolds, R.P., Rhodin, A.G.J., Richards, S.J., Rodriguez, L.O., Ron, S.R.,
Rondinini, C., Rylands, A.B., Sadovy de Mitcheson, Y., Sanciangco, J.C., Sanders, K.L.,
Santos-Barrera, G., Schipper, J., Self-Sullivan, C., Shi, Y., Shoemaker, A., Short, F.T.,
Sillero-Zubiri, C., Silvano, D.L., Smith, K.G., Smith, A.T., Snoeks, J., Stattersfield, A.J.,
Symes, A.J., Taber, A.B., Talukdar, B.K., Temple, H.J., Timmins, R., Tobias, J.A.,
Tsytsulina, K., Tweddle, D., Ubeda, C., Valenti, S.V., van Dijk, P.P., Veiga, L.M., Veloso,
A., Wege, D.C., Wilkinson, M., Williamson, E.A., Xie, F., Young, B.E., Ak¢akaya, H.R.,
Bennun, L., Blackburn, T.M., Boitani, L., Dublin, H.T., da Fonseca, G.A.B., Gascon, C.,
Lacher, T.E., Mace, G.M., Mainka, S.A., McNeely, J.A., Mittermeier, R.A., Reid, G.M.,
Rodriguez, J.P., Rosenberg, A.A., Samways, M.J., Smart, J., Stein, B.A. & Stuart, S.N.
(2010) The impact of conservation on the status of the world's vertebrates. Science, 330,
1503-15009.

Holyoak, M., Casagrandi, R., Nathan, R., Revilla, E. & Spiegel, O. (2008) Trends and missing

parts in the study of movement ecology. Proceedings of the National Academy of Sciences,
105, 19060-19065.

80



Howard, H.E. (1920) Territory in Bird Life. E. P. Dutton, New York.

Hubel, T.Y., Myatt, J.P., Jordan, N.R., Dewhirst, O.P., McNutt, JW. & Wilson, A.M. (2016)
Additive opportunistic capture explains group hunting benefits in African wild dogs. Nature
Communications, 7, 11033.

Jolliffe, 1. (2014) Principal Component Analysis. Wiley StatsRef.

Jonsen, 1.D., Flemming, J.M. & Myers, R.A. (2005) Robust State-Space Modeling of Animal
Movement Data. Ecology, 86, 2874—2880.

Kappes, M.A., Shaffer, S.A., Tremblay, Y., Foley, D.G., Palacios, D.M., Bograd, S.J. & Costa,
D.P. (2015) Reproductive constraints influence habitat accessibility, segregation, and
preference of sympatric albatross species. Movement Ecology, 1-24.

Kareiva, P.M. & Shigesada, N. (1983) Analyzing insect movement as a correlated random walk.
Oecologia, 56, 234-238.

Kautz, R., Kawula, R., Hoctor, T., Comiskey, J., Jansen, D., Jennings, D., Kasbohm, J.,
Mazzotti, F., McBride, R., Richardson, L. & Root, K. (2006) How much is enough?
Landscape-scale conservation for the Florida panther. Biological Conservation, 130, 118—
133.

Kenneth Dodd, C., Jr., Barichivich, W.J. & Smith, L.L. (2004) Effectiveness of a barrier wall
and culverts in reducing wildlife mortality on a heavily traveled highway in Florida.
Biological Conservation, 118, 619-631.

Kindall, J.L. & Manen, F.T.V. (2007) Identifying Habitat Linkages for American Black Bears in
North Carolina, USA. Journal of Wildlife Management, 71, 487—495.

King, J.R. & Jackson, D.A. (1999) Variable selection in large environmental data sets using
principal components analysis. Environmetrics, 10, 67-77.

Langduth, E.L., Cushman, S.A., Schwartz, M.K., McKelvey, K.S., Murphy, M. & Luikart, G.
(2010) Quantifying the lag time to detect barriers in landscape genetics. Molecular Ecology,
19, 4179-4191.

LaPoint, S., Gallery, P., Wikelski, M. & Kays, R. (2013) Animal behavior, cost-based corridor
models, and real corridors. Landscape Ecology, 28, 1615-1630.

LaRue, M.A. & Nielsen, C.K. (2008) Modelling potential dispersal corridors for cougars in
midwestern North America using least-cost path methods. Ecological Modelling, 212, 372—
381.

Laundré, J.W., Hernandez, L. & Ripple, W.J. (2010) The landscape of fear: ecological
implications of being afraid. Open Ecology Journal, 3, 1-10.

Lawton, J.H. & Jones, C.G. (1995) Linking species and ecosystems: Organisms as ecosystem

81



engineers. Linking Species and Ecosystems (eds C.G. Jones & J.H. Lawton pp. 141-150.

Lewison, R., Hobday, A.J., Maxwell, S., Hazen, E., Hartog, J.R., Dunn, D.C., Briscoe, D.,
Fossette, S., O'Keefe, C.E., Barnes, M., Abecassis, M., Bograd, S., Bethoney, N.D., Bailey,
H., Wiley, D., Andrews, S., Hazen, L. & Crowder, L.B. (2015) Dynamic Ocean
Management: Identifying the Critical Ingredients of Dynamic Approaches to Ocean
Resource Management. BioScience, 65, 486-498.

Lyons, A.J., Turner, W.C. & Getz, W.M. (2013) Home range plus: a space-time characterization
of movement over real landscapes. Movement Ecology, 1, 1-14.

Manderson, J.P. (2016) Seascapes are not landscapes: an analysis performed using Bernhard
Riemann's rules. ICES Journal of Marine Science, 1-8.

Manly, B.F.J., McDonald, L.L., Thomas, D.L., McDonald, T.L. & Erickson, W.P. (2002)
Resource Selection by Animals: Statistical Design and Analysis for Field Studies. Kluwer
Academic Publishers, Boston.

Marsden, C.D., Woodroffe, R., Mills, M.G.L., McNutt, J.W., Creel, S., Groom, R., Emmanuel,
M., Cleaveland, S., Kat, P., Rasmussen, G.S.A., Ginsberg, J.R., Lines, R., Andre, J.M.,
Begg, C., Wayne, R.K. & Mable, B.K. (2012) Spatial and temporal patterns of neutral and
adaptive genetic variation in the endangered African wild dog (Lycaon pictus). Molecular
Ecology, 21, 1379-1393.

Mateo-Sanchez, M.C., Balkenhol, N., Cushman, S., Pérez, T., Dominguez, A. & Saura, S. (2015)
Estimating effective landscape distances and movement corridors: comparison of habitat and
genetic data. Ecosphere, 6, 1-16.

Mateo-Sanchez, M.C., Cushman, S.A. & Saura, S. (2014) Connecting endangered brown bear
subpopulations in the Cantabrian Range (north-western Spain). Animal Conservation, 17,
430-440.

Mbizah, M.M., Joubert, C.J., Joubert, L. & Groom, R.J. (2014) Implications of African wild dog
(Lycaon pictus) denning on the density and distribution of a key prey species: addressing
myths and misperceptions. Biodiversity and Conservation, 23, 1441-1451.

McClure, M.L., Hansen, A.J. & Inman, R.M. (2016) Connecting models to movements: testing
connectivity model predictions against empirical migration and dispersal data. Landscape
Ecology, 1-14.

McNeilage, A., Robbins, M.M., Gray, M., Olupot, W., Babaasa, D., Bitariho, R., Kasangaki, A.,
Rainer, H., Asuma, S., Mugiri, G. & Baker, J. (2006) Census of the mountain gorilla Gorilla
beringei beringei population in Bwindi Impenetrable National Park, Uganda. Oryx, 40, 419—
4217.

McNutt, J.W. (1996) Sex-biased dispersal in African wild dogs, Lycaon pictus. Animal
Behaviour, 52, 1067-1077.

82



McRae, B.H. & Kavanagh, D.M. (2011) Linkage Mapper Connectivity Analysis Software.

McRae, B.H., Dickson, B.G., Keitt, T.H. & Shah, V.B. (2008) Using circuit theory to model
connectivity in ecology, evolution, and conservation. Ecography, 89, 2712-2724.

Millspaugh, J.J., Gitzen, R.A., Kernohan, B.J., Larson, M.A. & Clay, C.L. (2004) Comparability
of three analytical techniques to assess joint space use. Wildlife Society Bulletin, 32, 148—
157.

Moorcroft, P.R., Lewis, M.A. & Crabtree, R.L. (2006) Mechanistic home range models capture
spatial patterns and dynamics of coyote territories in Yellowstone. Proceedings of the Royal
Society B: Biological Sciences, 273, 1651-16509.

Morales, J.M., Haydon, D.T., Frair, J., Holsinger, K.E. & Fryxell, J.M. (2004) Extracting more
out of relocation data: building movement models as mixtures of random walks. Ecology, 85,
2436-2445.

Mueller, T. & Fagan, W.F. (2008) Search and navigation in dynamic environments - from
individual behaviors to population distributions. Oikos, 117, 654-664.

Mueller, T., Olson, K.A., Dressler, G., Leimgruber, P., FULLER, T.K., Nicolson, C., Novaro,
A.l., Bolgeri, M.J., Wattles, D., DeStefano, S., Calabrese, J.M. & Fagan, W.F. (2011) How
landscape dynamics link individual- to population-level movement patterns: a multispecies
comparison of ungulate relocation data. Global Ecology and Biogeography, 20, 683-694.

Munro, R.H.M., Nielsen, S.E., Price, M.H., Stenhouse, G.B. & Boyce, M.S. (2006) Seasonal and
diel patterns of grizzly bear diet and activity in West-Central Alberta. Journal of
Mammalogy, 87, 1112-1121.

Nams, V.0. (2014) Combining animal movements and behavioural data to detect behavioural
states. Ecology Letters, 17, 1228-1237.

Nathan, R., Getz, W.M., Revilla, E., Holyoak, M., Kadmon, R., Saltz, D. & Smouse, P.E. (2008)
A movement ecology paradigm for unifying organismal movement research. Proceedings of
the National Academy of Sciences, 105, 19052—-19059.

Orians, G.H. & Pearson, N.E. (1979) On the theory of central place foraging. Analysis of
Ecological Systems (eds D.H. Horn, R. Mitchell & G.R. Stairs pp. 155-177. Columbus.

O’Brien, D., Manseau, M., Fall, A. & Fortin, M.J. (2006) Testing the importance of spatial
configuration of winter habitat for woodland caribou: An application of graph theory.
Biological Conservation, 130, 70-83.

Patterson, T.A., Basson, M., Bravington, M.V. & Gunn, J.S. (2009) Classifying movement
behaviour in relation to environmental conditions using hidden Markov models. Journal of
Animal Ecology, 78, 1113-1123.

Patterson, T.A., Thomas, L., Wilcox, C., Ovaskainen, O. & Matthiopoulos, J. (2008) State—space

83



models of individual animal movement. Trends in Ecology & Evolution, 23, 87-94.

Pauly, D., Christensen, V., Dalsgaard, J., Froese, R. & Torres, F. (1998) Fishing down marine
food webs. Science, 279, 860-863.

Peres-Neto, P.R., Jackson, D.A. & Somers, K.A. (2003) Giving meaningful interpretation to
ordination axes: assessing loading significance in principal components analysis. Ecology,
84, 2347-2363.

Peterson, A.T. (2003) Predicting the Geography of Species’ Invasions via Ecological Niche
Modeling. The Quarterly Review of Biology, 78, 419-433.

Peterson, A.T. (2008) Biogeography of diseases: a framework for analysis. Naturwissenschaften,
95, 483-491.

Pimm, S.L. & Raven, P. (2000) Biodiversity - Extinction by numbers. Nature, 403, 843-845.

Pomilia, M.A., McNutt, JW. & Jordan, N.R. (2015) Ecological predictors of African wild dog
ranging patterns in northern Botswana. Journal of Mammalogy, 96, 1214-1223.

Poor, E.E., Loucks, C., Jakes, A. & Urban, D.L. (2012) Comparing Habitat Suitability and
Connectivity Modeling Methods for Conserving Pronghorn Migrations. PLoS ONE, 7,
e49390-12.

Proctor, M.F., Nielsen, S.E., Kasworm, W.F., Servheen, C., Radandt, T.G., Machutchon, A.G. &
Boyce, M.S. (2015) Grizzly Bear Connectivity Mapping in the Canada-United States Trans-
Border Region. Journal of Wildlife Management, 79, 544-558.

Prugh, L.R., Hodges, K.E., Sinclair, A.R.E. & Brashares, J.S. (2008) Effect of habitat area and
isolation on fragmented animal populations. Proceedings of the National Academy of
Sciences of the United States of America, 105, 20770-20775.

Pullinger, M.G. & Johnson, C.J. (2010) Maintaining or restoring connectivity of modified
landscapes: evaluating the least-cost path model with multiple sources of ecological
information. Landscape Ecology, 25, 1547-1560.

Quinn, T.P. (2005) The Behavior and Ecology of Pacific Salmon and Trout. University of
Washington Press, Vancouver, BC.

R Core Team. (2014) R: A Language and Environment for Statistical Computing.

Ramberg, L., Hancock, P., Lindholm, M., Meyer, T., Ringrose, S., Sliva, J., Van As, J. & Vander
Post, C. (2006) Species diversity of the Okavango Delta, Botswana. Aquatic Sciences, 68,
310-337.

Reding, D.M., Cushman, S.A., Gosselink, T.E. & Clark, W.R. (2013) Linking movement
behavior and fine-scale genetic structure to model landscape connectivity for bobcats (Lynx
rufus). Landscape Ecology, 28, 471-486.

84



Reynolds, A.M. & Rhodes, C.J. (2009) The Lévy flight paradigm: random search patterns and
mechanisms. Ecology, 90, 877-887.

Richard, Y. & Armstrong, D.P. (2010) Cost distance modelling of landscape connectivity and
gap-crossing ability using radio-tracking data. Journal of Applied Ecology, 47, 603-610.

Ripple, W.J., Estes, J.A., Beschta, R.L., Wilmers, C.C., Ritchie, E.G., Hebblewhite, M., Berger,
J., EImhagen, B., Letnic, M., Nelson, M.P., Schmitz, O.J., Smith, D.W., Wallach, A.D. &
Wirsing, A.J. (2014) Status and Ecological Effects of the World's Largest Carnivores.
Science, 343, 1241484-1241484.

Roever, C.L., Beyer, H.L., Chase, M.J. & van Aarde, R.J. (2013) The pitfalls of ignoring
behaviour when quantifying habitat selection. Diversity and Distributions, 20, 322—-333.

Roever, C.L., van Aarde, R.J. & Leggett, K. (2013) Functional connectivity within conservation
networks: Delineating corridors for African elephants. Biological Conservation, 157, 128—
135.

Rosenzweig, M.L. (1995) Species Diversity in Space and Time. Cambridge University Press,
Cambridge, UK.

Roshier, D. & Reid, J. (2003) On animal distributions in dynamic landscapes. Ecography, 26,
539-544.

Rowcliffe, J.M., Kays, R., Kranstauber, B., Carbone, C. & Jansen, P.A. (2014) Quantifying
levels of animal activity using camera trap data. Methods in Ecology and Evolution, 5, 1170-
1179.

Royle, J.A., Chandler, R.B., Gazenski, K.D. & Graves, T.A. (2013a) Spatial capture-recapture
models for jointly estimating population density and landscape connectivity. Ecography, 94,
287-294.

Royle, J.A., Chandler, R.B., Sun, C.C. & Fuller, A.K. (2013b) Integrating resource selection
information with spatial capture-recapture. Methods in Ecology and Evolution, 4, 520-530.

Rudnick, D.A., Ryan, S.J., Epps, C.W., Hartter, J., Perkl, R.M., Preziosi, D.V., Trombulak, S.C.,
Beier, P., Cushman, S.A., Dieffenbach, F., Gerber, L.R., Jenness, J.S., Kintsch, J.,
Merenlender, A.M., Perkl, R.M. & Preziosi, D.V. (2012) The role of landscape connectivity
in planning and implementing conservation and restoration priorities. Issues in Ecology, 16,
1-20.

Sala, O.E., Chapin, F.S., Armesto, J.J., Berlow, E., Bloomfield, J., Dirzo, R., Huber-Sanwald, E.,
Huenneke, L.F., Jackson, R.B., Kinzig, A., Leemans, R., Lodge, D.M., Mooney, H.A.,
Oesterheld, M., Poff, N.L., Sykes, M.T., Walker, B.H., Walker, M. & Wall, D.H. (2000)
Biodiversity - Global biodiversity scenarios for the year 2100. Science, 287, 1770-1774.

Sawyer, S.C. & Brashares, J.S. (2013) Applying resource selection functions at multiple scales to
prioritize habitat use by the endangered Cross River gorilla. Diversity and Distributions, 19,

85



943-954.

Sawyer, S.C., Epps, C.W. & Brashares, J.S. (2011) Placing linkages among fragmented habitats:
do least-cost models reflect how animals use landscapes? Journal of Applied Ecology, 48,
668-678.

Scales, K.L., Hazen, E.L., Jacox, M.G., Edwards, C.A., Boustany, A.M., Oliver, M.J. & Bograd,
S.J. (2016) Scales of inference: On the sensitivity of habitat models for wide-ranging marine
predators to the resolution of environmental data. Ecography, 39, 1-11.

Schick, R.S., Loarie, S.R., Colchero, F., Best, B.D., Boustany, A., Conde, D.A., Halpin, P.N.,
Joppa, L.N., McClellan, C.M. & Clark, J.S. (2008) Understanding movement data and
movement processes: current and emerging directions. Ecology Letters, 11, 1338-1350.

Shaffer, S.A., Tremblay, Y., Weimerskirch, H., Scott, D., Thompson, D.R., Sagar, P.M., Moller,
H., Taylor, G.A., Foley, D.G., Block, B.A. & Costa, D.P. (2006) Migratory shearwaters
integrate oceanic resources across the Pacific Ocean in an endless summer. Proceedings of
the National Academy of Sciences, 103, 12799-12802.

Shen, G., Feng, C., Xie, Z., Ouyang, Z., Li, J. & Pascal, M. (2008) Proposed Conservation
Landscape for Giant Pandas in the Minshan Mountains, China. Conservation Biology, 22,
1144-1153.

Shillinger, G.L., Di Lorenzo, E., Luo, H., Bograd, S.J., Hazen, E.L., Bailey, H. & Spotila, J.R.
(2012) On the dispersal of leatherback turtle hatchlings from Mesoamerican nesting beaches.
Proceedings of the Royal Society B: Biological Sciences, 279, 2391-2395.

Shimodaira, H. (2004) Approximately unbiased tests of regions using multistep-multiscale
bootstrap resampling. The Annals of Statistics, 32, 2616-2641.

Sih, A., Bell, A. & Johnson, J.C. (2004) Behavioral syndromes: an ecological and evolutionary
overview. Trends in Ecology & Evolution, 19, 372-378.

Sorte, C.J.B. (2012) Predicting persistence in a changing climate: flow direction and limitations
to redistribution. Oikos, 122, 161-170.

Squires, J.R., DeCesare, N.J., Olson, L.E., Kolbe, J.A., Hebblewhite, M. & Parks, S.A. (2013)
Combining resource selection and movement behavior to predict corridors for Canada lynx
at their southern range periphery. Biological Conservation, 157, 187-195.

Sutcliffe, O.L., Bakkestuen, V., Fry, G. & Stabbetorp, O.E. (2003) Modelling the benefits of
farmland restoration: methodology and application to butterfly movement. Landscape and
Urban Planning, 63, 15-31.

Swingland, I.R. & Greenwood, P.J. (eds). (1983) The Ecology of Animal Movement. Oxford:
Clarendon Press, Oxford, UK.

Taylor, P.D., Fahrig, L., Heinen, K. & Merriam, G. (1993) Connectivity Is a Vital Element of

86



Landscape Structure. Oikos, 68, 571-573.

Terborgh, J., Lopez, L., Nunez, P., Rao, M., Shahabuddin, G., Orihuela, G., Riveros, M.,
Ascanio, R., Adler, G.H., Lambert, T.D. & Balbas, L. (2001) Ecological meltdown in
predator-free forest fragments. Science, 294, 1923-1926.

Thatcher, C.A., van Manen, F.T. & Clark, J.D. (2009) A Habitat Assessment for Florida Panther
Population Expansion into Central Florida. Journal of Mammalogy, 90, 918-925.

Theobald, D.M., Reed, S.E., Fields, K. & Soulé, M. (2012) Connecting natural landscapes using
a landscape permeability model to prioritize conservation activities in the United States.
Conservation Letters, 5, 123-133.

Thomas, L., Kennington, W.J., Stat, M., Wilkinson, S.P., Kool, J.T. & Kendrick, G.A. (2015)
Isolation by resistance across a complex coral reef seascape. Proceedings of the Royal
Society B: Biological Sciences, 282, 20151217-10.

Thurfjell, H., Ciuti, S. & Boyce, M.S. (2014) Applications of step-selection functions in ecology
and conservation. Movement Ecology, 2, 1-12.

Tingley, M.W., Koo, M.S., Moritz, C., Rush, A.C. & Beissinger, S.R. (2012) The push and pull
of climate change causes heterogeneous shifts in avian elevational ranges. Global Change
Biology, 18, 3279-3290.

Tingley, M.W., Monahan, W.B., Beissinger, S.R. & Moritz, C. (2009) Birds track their
Grinnellian niche through a century of climate change. Proceedings of the National Academy
of Sciences, 106, 19637-19643.

Tourism Statistics Annual Report. (2015) Tourism Statistics Annual Report. Statistics Botswana,
Gaborone.

Trainor, A.M., Walters, J.R., Morris, W.F., Sexton, J. & Moody, A. (2013) Empirical estimation
of dispersal resistance surfaces: a case study with red-cockaded woodpeckers. Landscape
Ecology, 28, 755-767.

Turchin, P. (1991) Translating foraging movements in heterogeneous environments into the
spatial distribution of foragers. Ecology, 72, 1253-1266.

Turner, M.G. (1989) Landscape Ecology: The Effect of Pattern on Process. Annual Review of
Ecology and Systematics, 20, 171-197.

van der Meer, E., Fritz, H., Blinston, P. & Rasmussen, G.S.A. (2013) Ecological trap in the
buffer zone of a protected area: effects of indirect anthropogenic mortality on the African
wild dog Lycaon pictus. Oryx, 48, 285-293.

van Moorter, B., Rolandsen, C.M., Basille, M. & Gaillard, J.M. (2015) Movement is the glue
connecting home ranges and habitat selection. Journal of Animal Ecology, 85, 21-31.

87



Vasudev, D., Fletcher, R.J.J., Goswami, V.R. & Krishnadas, M. (2015) From dispersal
constraints to landscape connectivity: lessons from species distribution modeling.
Ecography, 38, 967-978.

Verbeylen, G., Bruyn, L.D., Adriaensen, F. & Matthysen, E. (2003) Does matrix resistance
influence Red squirrel (Sciurus vulgaris L. 1758) distribution in an urban landscape?
Landscape Ecology, 18, 791-805.

Viswanathan, G., Buldyrev, S.V., Havlin, S., da Luz, M.G.E., Raposo, E.P. & Stanley, H.E.
(1999) Optimizing the success of random searches. Nature, 401, 911-914.

Walpole, A.A., Bowman, J., Murray, D.L. & Wilson, P.J. (2012) Functional connectivity of lynx
at their southern range periphery in Ontario, Canada. Landscape Ecology, 27, 761-773.

Wang, F., McShea, W.J., Wang, D., Li, S., Zhao, Q., Wang, H. & Lu, Z. (2014) Evaluating
Landscape Options for Corridor Restoration between Giant Panda Reserves. PLoS ONE, 9,
e105086-10.

Ward, J.H., Jr. (1963) Hierarchical grouping to optimize an objective function. Journal of the
American Statistical Association, 58, 236-244.

Weins, J.A. (1976) Population responses to patchy environments. Annual Review of Ecology and
Systematics, 7, 81-120.

Whittington-Jones, B.M., Parker, D.M., Bernard, R.T.F. & Davies-Mostert, H.T. (2014) Habitat
selection by transient African wild dogs (Lycaon pictus) in northern KwaZulu-Natal, South
Africa: implications for range expansion. South African Journal of Wildlife Research, 44,
135-147.

Williams, C.B. (1957) Insect migration. Annual review of entomology.

Wilmers, C.C., Wang, Y., Nickel, B., Houghtaling, P., Shakeri, Y., Allen, M.L., Kermish-Wells,
J., Yovovich, V. & Williams, T. (2013) Scale Dependent Behavioral Responses to Human
Development by a Large Predator, the Puma. PLoS ONE, 8, e60590.

Wilson, A.M., Lowe, J.C., Roskilly, K., Hudson, P.E., Golabek, K.A. & McNutt, J.W. (2013)
Locomotion dynamics of hunting in wild cheetahs. Nature, 498, 185-189.

Wilson, R.R., Gilbert-Norton, L. & Gese, E.M. (2012) Beyond use versus availability:
behaviour-explicit resource selection. Wildlife Biology, 18, 424-430.

Woodroffe, R. (2010) Ranging behaviour of African wild dog packs in a human-dominated
landscape. Journal of Zoology, 283, 88-97.

Woodroffe, R. & Sillero-Zubiri, C. (2013) Lycaon pictus. IUCN Red List of Threatened Species,
http://www.iucnredlist.org

Woodroffe, R., Davies-Mostert, H., Ginsberg, J.R., Graf, J., Leigh, K., McCreery, K., Robbins,

88



R., Mills, G., Pole, A., Rasmussen, G., Somers, M. & Szykman, M. (2007) Rates and causes
of mortality in Endangered African wild dogs Lycaon pictus: lessons for management and
monitoring. Oryx, 41, 215.

Woodroffe, R., McNutt, JW. & Mills, M.G.L. (2004) African wild dog. Foxes, Wolves, Jackals
and Dogs Status Survey and Conservation Action Plan (eds S.Z. C & D.W. Macdonald pp.
174-183. Gland, Switzerland.

Zeigler, S.L. & Fagan, W.F. (2014) Transient windows for connectivity in a changing world.
Movement Ecology, 2, 1-10.

Zeller, K.A., McGarigal, K. & Whiteley, A.R. (2012) Estimating landscape resistance to
movement: a review. Landscape Ecology, 27, 777-797.

Zeller, K.A., McGarigal, K., Beier, P., Cushman, S.A., Vickers, TW. & Boyce, W.M. (2014)
Sensitivity of landscape resistance estimates based on point selection functions to scale and
behavioral state: pumas as a case study. Landscape Ecology, 29, 541-557.

Zeller, K.A., McGarigal, K., Cushman, S.A. & Beier, P. (2015) Using step and path selection
functions for estimating resistance to movement: pumas as a case study. Landscape Ecology.

89



	The Ecology and Conservation of Animal Movement
	in Changing Land- and Seascapes
	Abstract
	Acknowledgements
	1. Introduction
	Corridor ecology: theory, approaches and limitations
	Study system
	Okavango Delta, Botswana
	African wild dogs: natural history and population trends

	Overview of Dissertation

	2. Lessons from integrating behaviour and resource selection: activity-specific responses of African wild dogs to roads
	Abstract
	Keywords
	Introduction
	Materials and Methods
	Study Area
	Data Collection
	Movement Analyses

	Results
	Behaviourally-mediated variation in responses to roads
	Movement responses to roads across space and time
	Movement statistics of road travel

	Discussion
	Behaviour-specific patterns of resource selection
	Road effects on landscape permeability
	Conclusions

	Acknowledgements
	Supplementary Material

	3. Does wildlife resource selection accurately inform corridor conservation?
	Abstract
	Introduction
	Methods for identifying wildlife corridors
	The role of behaviour

	Materials and Methods
	Literature review
	African wild dog case study

	Results
	Literature review
	African wild dog case study

	Discussion
	Literature review: inclusion of movement behaviour in corridor planning
	African wild dog case study
	Caveats
	Conclusions and future directions

	Acknowledgements
	Data Accessibility
	Supplementary Material

	4. Classification of movement syndromes across individuals and species
	Abstract
	Introduction
	Methods
	Empirical Data
	Movement Metrics
	Cluster Analysis
	Simulated Data

	Results
	Discussion
	Acknowledgements
	Supplementary Material

	5. Conclusions
	Key Findings
	Future Research

	References



